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1. Introduction 

The key proposition of the paper lies in the treatment of the set of financial statements as a single 

matrix of endogenous information. This is demonstrated using a reconciliation of balance sheets at 

time t-1 and t with income and cash flow statements from time t-1 to t, and we show how all of the 

variables involved in this set of financial statements are contemporaneously codetermined through 

the resolution of multiple accounting identities.  

This deterministic behaviour is a fundamental property of accounting information, and affects the 

way in which such variables should be treated in econometric modelling. When endogenous 

accounting variables from the matrix are placed on both sides of an expectation function, the single-

equation ordinary least squares (OLS) estimator   

€ 

y = Xβ + ε  is inappropriate for recovering the 

estimated coefficients since 

€ 

ˆ β  is no longer orthogonal to the unexplained contribution of 

€ 

ˆ ε , leading 

to biased and inconsistent inferences. In addition, the technical simplicity of the single-regression 

model ignores a significant volume of useful information that is known to exist and is unable to 

integrate parameter restrictions that acknowledge double-entry bookkeeping rules.1 

A common approach for examining the statistical causes and consequences of accounting variation 

is to collapse accounting aggregates into subsidiary accounts and identify those components with 

the most significant association to the original construct. Given the considerable market stakes, 

usual aggregates that are investigated include the key drivers of value of Total Accruals (TA), Net 

Income (NI) and Cash Flows (CF).2 These are linked through the accounting identity NI = TA + CF 

so that only two components are needed for recovering the third. Most studies to date, define TA as 

either the difference between the other two flows, or derived this through the articulation of 

individual balance sheet stocks; both approaches are commonly applied with an operating focus.3 

Instead, this study uses the reconciliation of financial statements to unravel the precise derivation of 

TA, and demonstrates how this aggregate reflects an equilibrium level that is jointly codetermined 

                                                
1 It is also known that additional measurement errors may arise due to the computation of accounting aggregates from 
individual transactions under incomplete double entry (Collins and Hribar 2002). 
2 In accounting literature it is usual to use as depended variable observed in time t the accounting aggregate of total 
accruals, net income or cash flows and as independent variables the subsidiary accounts that comprise the former 
aggregates (e.g. Ohlson and Zhang 1998; Barth, Beaver, Hand and Landsman 1999; Ohlson 1999; Barth, Cram and 
Nelson 2001; Penman and Yehuda 2008). 
3 There are two popular ways for calculating total accrual, all of which with an operating focus: (i) TA = NI – CF, 
where NI is net income before extraordinary items and CF is cash flow from operations (e.g. Bartov and Mohanram 
2004; Barth, Beaver, Hand and Landsman 1999), and (ii) TA = ΔNCA – ΔNCL + DEP, where ΔNCA is the change 
current assets net of cash and equivalents, ΔNCL is the change current liabilities net of short term debt and DEP is 
current level of depreciation and amortization expense (e.g. Jones 1991; Dechow, Sloan and Sweeney 1995; Kothari, 
Leone and Wasley 2004). A third but not so widespread way for calculating accruals, again with an operating focus, is 
by using the indirect method of preparing the cash flow statement (e.g. Collins and Hribar 2002). 
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by the most basic intra-firm functions, namely the operating function, the investment-financing 

function, the cash flow identity and the earnings identity. 

The analytical part develops a structural model that describes how the wealth of accounting 

information behaves in theory, building on the proposition that all intra-firm functions, expressed in 

terms of linear combinations of accounting variables, form part of the same matrix of endogenous 

information. Under this framework, it is shown that the stand-alone OLS regression ignores the 

deterministic character of contemporaneous financial statement variables and fails to appreciate the 

common factors that are allowed for across the formulation of the multiple functions faced by the 

firm. The proposed model is a generalised system of simultaneous equations that can be applied to 

regressions involving endogenous, lagged endogenous and exogenous covariates that are external to 

the accounting data generating process. 

We apply the structural model to investigate two key questions. First, we model the autoregression 

of TA, at which case the matrix of structural coefficients on variables that are known to be 

endogenous to the system is an identity matrix, and the only link amongst the intra-firm functions 

that define the equilibrium level of accruals exists across their contemporaneously correlated error 

terms. For this case, the system reduces to a set of seemingly unrelated regressions. Second, we 

apply the structural system for estimating the regression of TA on other accounting variables that 

are contemporaneously observed from the same set of financial statements. Specifically, we regress 

TA on sales and net capital expenditure by building an integrated system of three simultaneous 

regressions, one for each endogenous variable, which is then estimated using two-stage and three-

stage least squares. A key feature of both applications is the inclusion of the double-entry 

bookkeeping identity as parameter constraint to ensure that estimates are recovered with more 

precision to their theoretical values. The focus of the paper is methodological, but to illustrate the 

efficacy of the structural approach, we estimate the models using a large sample of firm-year 

observations for firms domiciled and listed within the pre-enlargement EU, covering the period 

1988-2002.  

The second section of the paper explains why a financial statement variable is contemporaneously 

co-determined with any other variable that is taken from the same set of financial statements, and 

outlines the limitations of OLS to regressions that contain such variables on both sides of the 

expectation function. The third section develops the generalised structural model of simultaneous 

equations for accounting variables, and provides a framework for addressing the issues of 

endogeneity, omission of known information and the integration of double-entry rules as 

indispensable parameter constraint to econometric estimation. The fourth section applied the 
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structural model to the autoregression of TA and the estimation of the equilibrium level of accruals, 

and the fifth section applies the model to the regression of TA on other endogenous accounting 

variables that are contemporaneously observed. The sixth section provides the empirical analysis by 

highlighting the recovery of unbiased estimates, the gain in efficiency and subsequent increase in 

precision over the OLS estimator. The final section offers a summary and concluding remarks. 

 

2. The Equilibrium Level of Accruals 

In this section, we show how two key accounting identities, the cash flow identity and the earnings 

identity, jointly define total accruals as the common outcome of operating activities and financing-

investment activities. We call this the equilibrium level of accruals (EQLA). The Venn diagram in 

Figure 1 provides a simplified demonstration of this approach, showing how accruals can be 

expressed as a function both of:  

• operating accounts: sales revenues SAL and customer receipts REC, purchases PUR and 

supplier payments PAY, provision recognitions PRO (net of cancellations) and provision 

settlements SET (net of reimbursements), and the depreciation expense DEP, and 

• financing and investment accounts: net dividends NDV (dividend less new capital 

contributions) and earnings EAR,  net financing flows NFF (debt repayments less proceeds 

from debt issues) and interest expenses INT, and net capital expenditure NCE (new investment 

less asset disposals). We also treat taxation, i.e. the tax charge TXC (including deferrals and net 

of rebates) and tax payments TXP (net of refunds), as part of the financing and investment 

function. 

The computation of each item is set out in detail in the lower panels of Figure 1, defined either by 

variables that are coded Datastream items, or as a linear combination of such items. 4 This particular 

set of items has been identified as that for which there is sufficient disclosure through financial 

information suppliers such as Datastream to allow research to be conducted internationally with a 

complete set of variables for each listed firm, including those quoted in markets where the level of 

                                                
4 The choice of Datastream (a product of Thomson Financial) is based on the wide applicability of the database. The 
reconciliation approach is specifically structured so that it can be applied to all member states of the 2005 pre-
enlargement EU, including those that are labelled by Datastream as ‘emerging markets’ and appear in the database with 
a restricted level of disclosure. Certainly, there are other noteworthy databases to which this analysis can be easily 
adapted. The full-scale reconciliation of Datastream’s financial statements that define the EQLA (including more than 
200 individual items from the balance sheet and the income statement) is available from the authors on request.  
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disclosure through the financial information networks is often in summary form. Figure 2 gives an 

example of this reconciliation for a randomly drawn firm from the dataset. 

For our purposes, items that add to the accrual take a positive sign and those that reduce the accrual 

a negative sign. Therefore, purchases and other expenses are positive under this system, and cash 

payments to suppliers are negative. In bookkeeping terms, the source entries in this case are debits 

[+] to the purchases account and credits [–] to the cash account respectively. It follows that sales 

revenues take a negative sign whilst cash receipts from customers are positive. For those accounts 

that are not totals of similar transactions, but instead offset debit and credit items, a net balance is 

reported. For example, under the approach adopted here, debt issued is positive and debt repaid 

negative, and therefore the net financial flow is positive if debt issues exceed debt repayments and 

negative if more debt is retired than raised. Similarly, when new contributions of equity capital 

exceed distributions, the net dividend takes a positive sign, and vice versa when there is a net return 

to the shareholders. Any addition to equity capital by way of profit also takes a positive sign, whilst 

a loss is negative.   

Each of the cash flow and earnings identities is represented by seven variables, whose sign either is 

known or where, as in the case of net balances, there is no fixed sign. In the analysis presented later 

in the paper, the known signs attributable to transaction totals are imposed on the estimation, in a 

way that is analogous to the implicit sign which readers of accounts may assume based on their 

knowledge of the debit [+] and credit [–] balances that are collected together in the trial balance 

from which the financial statements have been prepared. Following this convention of imposing 

negative signs on credit balances, it allows for the accounting identities to be expressed as clearing 

identities that sum up to zero, as follows: 

Cash Flow Identity 

 REC    + PAY    + SET    + TXP    + NCE    + NFF    + NDV    = 0 

Cr[–]  Payments to 
Suppliers 

Settlement  
of Provisions 

Tax 
Payment 

New 
Investment 

Debt 
Repayment 

Dividend 
Distribution  

Dr[+] Receipts from  
Customers  Reimbursement 

of Settlements 
Tax 
Refund 

Asset 
Disposal 

New Debt 
Issues 

Capital 
Contribution  

Earnings Identity 

 SAL    + PUR    + PRO    + TXC    + DEP    + INT    + EAR    = 0 

Dr[+]  Purchases Provision 
Recognition 

Tax 
Charge Depreciation Interest 

Expense 
Net 
Profit  

Cr[–] Sales  Provision 
Cancellation 

Tax 
Rebate   Net 

Loss  
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Accruals may be defined on the basis of the complementarity of components of the above 

accounting identities. They include the increase in trade creditor accounts where purchases PUR 

exceed supplier payments PAY and the increase in other operating liabilities where provision 

recognitions net of cancellations PRO exceed provision settlements net of reimbursements SET, 

deducting from these the increase in trade debtor accounts where the sales revenues SAL exceed the 

receipts from customers REC. Together with the depreciation charge, we refer to this as the 

operating function of accruals, OPAC:  

Operating function of accruals 

OPAC ≡ SAL + REC + PUR + PAY + PRO + SET + DEP 

The remaining components of the two accounting identities include the changes to the equity 

holders’ position in the form of earnings EAR and net dividends NDV, the changes to the debt 

holders’ position arising from net financing flows NFF and interest charges INT, and changes to the 

fiscal position attributable to tax charges TXC and tax payments TXP. Together with net capital 

expenditure NCE, we refer to this as the financing and investment function of accruals, FIAC5: 

Financing-investment function of accruals 

FIAC ≡ NCE + TXC + TXP + INT + NFF + EAR + NDV  

For articulated financial statements, where the cash flow and earnings identities always sum to zero, 

double-entry bookkeeping ensures that the operating accruals OPAC must be identical to the 

financing-investment accruals FIAC, but with opposite sign, i.e. the offsetting identity must hold 

€ 

OPAC ≡ −FIAC . The complementarity of the cash flow identity and the earnings identity is 

reflected in the fact that activities regarding trading (sales revenues and purchases) and the 

management of the related operating cash flows (customer receipts and supplier payments), together 

with control over other operating expenses and the provisioning that is required in this respect, will 

contemporaneously determine and be determined by the investment decisions of the firm and its 

financing arrangements with equity holders and debt holders, along with its tax situation. It is this 

codetermination of the two accruals functions that provides the equilibrium level of accruals that 

                                                
5 In order to overcome the complexities surrounding deferred taxation, and in keeping with the parsimonious accounting 
identities, we group all underlying tax items for the purposes of this paper. The EQLA model that is described here can 
easily be adapted for differing models, not only with respect to taxation, but most other headline financial statement 
items – in particular, we assume that any cash holdings and interest received have been offset against debt and interest 
charges. 



 7 

underlies the econometric model in this paper, with OPAC providing the appropriately signed 

accrual increase or decrease for the period, and FIAC its mirror image. 

More formally, for a given set of financial statements it, for firm   

€ 

i =1,2,…,I  and time   

€ 

t = 0,1,2,…,T , 

the EQLA is determined by the following offsetting accounting identities: 

€ 

OPACit ≡ SAL it + RECit + PUR it + PAYit + PRO it +SETit +DEPit( )
FIACit ≡ NCE it +TXCit + TXPit + INTit +NFFit + EAR it +DIVit( )

 
 
 

  

 
 
 

  
 (1)

 

where 

€ 

OPACit ≡ −FIACit . As described above, the EQLA is complemented between cash flow and 

earnings items as reflected by the following clearing identities: 

€ 

Cash Flow Identityit = RECit + PAYit + SETit + TXPit + NCE it + NFFit + NDVit( ) = 0
Earnings Identityit = SAL it + PUR it + PRO it + TXCit + DEPit + INTit + EAR it( ) = 0

 
 
 

  

 
 
 

  
 (2)

 

A number of propositions follow from equations (1) and (2), with respect to using this information 

in econometric modelling: 

1. Opposite signs: the choice of either OPACit or FIACit as depended variable in an OLS 

regression will simply invert the sign of the estimated coefficients of the explanatory variables. 

Since the opposite signs indicate aggregates over different constituent flows (i.e. one with an 

operating orientation and another with a financing-investment orientation) that are however 

linked by their offsetting property, then we prefer to model the two simultaneously rather than 

separately. 

2. Omitted information: in fact, any estimation involving accruals that relies only on OPACit or 

FIACit will omit known useful information internal to the accounting system, with clear links to 

the cash flow and the earnings identities of equation (2). The model developed in this paper 

attempts to overcome the likely biases when estimation is based on partial identities only. 

3. Parameter constraint: the offsetting identity 

€ 

OPACit ≡ −FIACit  (or, 

€ 

OPACit + FIACit = 0) 

recognises the analytical importance of a parameter constraint that sets total debits equal to total 

credits. The inclusion of this constraint in econometric estimation makes sure that the 

parameters will be recovered with greater precision with respect to their theoretical values. 

OLS Regressions of Total Accruals 

By definition, accounting identities have no stochastic disturbances and, for example, an OLS 

regression of OPACit on all of its subsidiary components also observed at time t (see equation 1) 

will yield an intercept equal to zero, all slopes equal to unity and a perfect fit with 

€ 

R2 =1. It follows 

that a regression of an accounting variable on another is meaningful only when the relationship does 
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not constitute an identity. This can be achieved by either changing the timing of the accounting 

variables on the right hand side of the regression equation, or by including information entirely 

external to financial statements. 

Added caution is required when estimating OLS regressions of partial identities, i.e. regressions of 

accounting variables on other contemporaneous accounting covariates whose relationship however 

does not add up to an identity. In this case, OLS estimation will produce a disturbance term but this 

would be indistinguishable from the fitted parameters because of the deterministically endogenous 

relationship. To illustrate this point, consider the following simplified regression of total accruals 

with an operating orientation OPACit on the level of sales SALit: 

€ 

OPACit = c + bSAL it + eit  (3) 

Using OLS to estimate this regression will most likely yield a significant 

€ 

ˆ c ≠ 0  reflecting the 

existence of a lower bound of OPACit in the absence of SALit, and a significant 

€ 

ˆ b > 0 that is 

supposed to capture the positive responsiveness of OPACit to a unit change in SALit. The 

coefficient of determination R2 will give the percentage of variation of OPACit presumably 

explained by SALit and the related F-statistic would almost certainly be highly significant given the 

one-to-one correspondence between the two variables. Evidently, substituting the depended variable 

OPACit with its mirror value FIACit will simply invert the sign of the fitted 

€ 

ˆ b . 

Equation (3) illustrates a textbook case of simultaneity bias (a severe case of endogeneity) in 

econometric estimation. By substituting equation (1) into equation (3) it is easy to expose the 

fundamental error of using OLS to estimate equation (3), since the endogenous variable OPACit 

resides in both sides of the expectation function, as follows: 

€ 

OPACit = c + b OPACit + RECit + PUR it + PAYit + PRO it +SETit +DEPit( )[ ] + eit  (4) 

It is now clear that there is no unidirectional cause and effect relationship disabling as such the 

estimation of a single-equation expectation function. In another words, given the inherent 

endogeneity between OPACit and SALit, the OLS estimator is unable to separate the variation 

explained by the fitted 

€ 

ˆ b  to the variation that is unexplained by 

€ 

ˆ e it .
6 The inclusion of additional 

contemporaneously observed financial statement variables to the right hand side of equation (3) 

accentuates the problem and complicates the solution even further. For instance, consider adding 

                                                
6 The direct endogeneity of SALit in equation (3) violates the necessary OLS condition of orthogonality between the 
fitted part and the unexplained part of the regression. To derive the precise bias, substitute equation (3) into the 
augmented equation 

€ 

SAL it = ′ c + ′ b OPAC it + ′ e it  and rewrite as 

€ 

SAL it = 1− b ′ b ( ) ′ c + c ′ b + ′ e it( ) , and this explains how the 
covariance between SALit and eit is non-zero and equal to 

€ 

cov SAL it ,eit( ) = cov 1− b ′ b ( ) ′ c + c ′ b + ′ e it( ),eit( ) ≠ 0 , which 

means that the OLS estimates of 

€ 

ˆ b  and 

€ 

′ ˆ b  will be biased for finite samples and inconsistent asymptotically. 
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net capital expenditure NCEit in an attempt to capture the expected variation of new long-term 

accruals, as follows: 

€ 

OPACit = c1 + b1SAL it + b2NCEit + e1it  (5) 

However, SALit is a component of OPACit and NCEit is a component of FIACit (see Figure 1) and it 

holds that 

€ 

OPACit ≡ −FIACit . Like before, substituting equation (1) into equation (5) demonstrates 

how the regression is contaminated with direct endogeneity due to the existence of OPACit in both 

sides of the equation. Regardless of the final specification, it can always be shown that when an 

accounting variable that is observed from a set of financial statements is regressed on another 

variable that is taken from the same set of statements then the OLS estimator will always yield 

biased and inconsistent estimates, and all conventional statistical tests will no longer be valid for 

inference.7 To sum up, the OLS regressions of equations (3) and (5) are erroneously specified 

because of the following reasons: 

• Endogeneity: this is manifested in the form of simultaneity bias where the response variable 

feeds and at the same time receives contemporaneous information from the covariates, leading 

to biased estimates irrespective of sample size. 

• Omission of relevant information: total accruals is computed in isolated measures and fails to 

recognize the fact that accounting aggregates are involved in a complex linear network of 

information of identities and various levels of aggregation. 

• Disregard of a known parameter constraint: the OLS model is unable to incorporate the 

fundamental double-entry bookkeeping constraint (i.e. debits equal credits) and therefore cannot 

ensure the approximate recovery of true theoretical values.  

A more practical issue in the estimation of equations (3) and (5) is the absence of a double-entry 

verification process to warrant that the accounts add up and that there was no input error during data 

processing (either from the preparer of the database provider). This can be particularly important for 

samples of firms that emerge from recent restructuring transactions or engage with incomplete 

double entry. 

                                                
7 A common practice for alleviating the problem of simultaneity bias is the inclusion of lagged levels of accounting 
variables, such as lagged sales SALit-1, so that they may act as instruments to contemporaneous variation. The precise 
instrumented effect is an empirical question, but it would be reasonable to expect that lagged levels are highly 
correlated to current levels and at the same time, by definition, predetermined to the error term and therefore can be 
used as valid instruments. However, even under this specification, Christodoulou, McLeay and Sarafidis (2008) show 
that the problem of endogeneity persists and there is still significant bias both in finite samples and in the asymptotic 
state. See Engle, Hendry and Richard (1983) and Ericsson and Irons (1995) for an authoritative analysis of all aspects 
surrounding the concept and consequences of endogeneity, and Heij, de Boer, Franses, Kloek and van Dijk (2004) for 
an illustrative example on the effect of endogenous correlation between the covariates and the disturbance term. 
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3. A Generalised Framework for Using Accounting Variables in Regression Analysis 

The previous section established how the data generating process of accounting prescribes that all 

financial statement variables form part of the same matrix of endogenous information. One of the 

most important conditions in econometric specification is that the number of endogenous variables 

must equal the number of separate relationships in the model. Otherwise, the parameters that are 

intended to explain the underlying relationships cannot be determined. In this section, we derive a 

structural system of regressions where endogenous variables are defined as those drawn from a set 

of financial statements of firm i and at year t. An exogenous variable is defined as either a lagged 

endogenous variable from past sets of financial statements, or a variable that is generated outside 

the stochastic data generating process of financial statements. That is to say, the latter refers to 

strictly exogenous variables that may take the form of either a fixed non-random constant (e.g. 

binary data, count data) or a continuous random variable external to accounting (e.g. stock market 

data, macroeconomic indicators).8 

Consider the accounting variable 

€ 

ymit  which is contemporaneously codetermined with some other 

accounting variable 

€ 

y` m it  that is drawn from the same set of financial statements it with total line 

items   

€ 

m,` m =1,2,…,M . It follows that there exists at least one linear function within it that 

describes a deterministic relationship between 

€ 

ymit  and 

€ 

y` m it  (e.g. see Figure 2). Building on this 

fundamental proposition, a generalised model for specifying the linear stochastic variation between 

accounting variables may take the following structural form: 

  

€ 

α11 α12…α1M
α21 α22…α2M

   

αM 1αM 2…αMM

 

 

 
 
 
 

 

 

 
 
 
 

y1it
y2it


yMit

 

 

 
 
 
 

 

 

 
 
 
 

=

β11
s β12

s
…β1L

s

β 21
s β 22

s
…β 2L

s

   

βM1
s βM 2

s
…βML

s

 

 

 
 
 
 

 

 

 
 
 
 

y1it−s
y2it−s


yLit−s

 

 

 
 
 
 

 

 

 
 
 
 

+

γ10 γ11 γ12…γ1K
γ 20 γ 21 γ 22…γ 2K
    

γM 0γM 1γM 2…γMK

 

 

 
 
 
 

 

 

 
 
 
 

1
x1it
x2it


xKit

 

 

 
 
 
 
 
 

 

 

 
 
 
 
 
 

+

u1it
u2it


uMit

 

 

 
 
 
 

 

 

 
 
 
 

 (6)

 

In the system, there are   

€ 

m,` m =1,2,…,M  endogenous accounting variables ymit whose variation we 

seek to explain, and it can be said that all m at time t contribute to an ‘equilibrium level of 

                                                
8 The econometric approach for deriving structural systems of equations is adapted from Kmenta (1997). Also, it should 
be noted that the problem of simultaneity bias (a severe form of endogeneity) described in this paper might also be 
addressed using an instrumental (IV) variable estimator. The IV approach does not require the use of multiple 
regressions and is estimated using either multiple stage least squares or the generalised method of moments. It relies on 
the premise that the inclusion of covariates that are highly correlated to the endogenous explanatory variables and 
weakly correlated to the error term will alleviate the problem of simultaneity bias. Finding useful instruments is 
generally an empirical issue and this is why we prefer developing structural systems of equations that are build on 
theoretical foundations rather than correlation patterns from data.  
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disclosure’ of firm i at time t. Given the inherent economic character of accounting variables, the 

endogenous variables are expressed as a function of their lagged values ylit-s with   

€ 

l =1,2,…,L  and 

lag   

€ 

s = 0,1,2,…,T −1, which by definition are predetermined and therefore can be considered 

exogenous. There are additional   

€ 

k =1,2,…,K  strictly exogenous variables xkit that are observed from 

some other data generating process than the accounting system, yet they can still help explain the 

variation of each ymit. The unit constant within the vector of x’s allows for the inclusion of 

individual intercepts 

€ 

γm0  for each equation. There are also unique stochastic disturbances umit 

assigned to each ymit, where the matrices 

€ 

αm×m , 

€ 

βm× l
s  and 

€ 

γm×k  represent unknown structural 

coefficients placed on the respective distinct sets of variables. The superscript s on 

€ 

βm× l
s  indicates 

the order of lag. Clearly, an empirical model cannot include all 

€ 

α ’s and cannot recover all β’s or all 

γ’s as this would cause matrix singularity and make estimation impossible. Therefore, with the help 

of theory, double-entry bookkeeping and personal intuition we must determine which structural 

coefficients will be equal to zero.  

The only restriction is that the diagonal elements of matrix 

€ 

αm×m  are equal to unity, 

€ 

αmm =1, in 

order to indicate which is the dependent variable for regression m. Double-entry rules stipulate 

further analytical guidelines for defining matrix 

€ 

αm×m . Specifically, it must hold that each 

€ 

αmmymit  

can be expressed as a weighted linear combination of other 

€ 

α ` m ̀  m y` m it  so that an identity holds at t, 

absent of stochastic disturbances, as follows: 

  

€ 

αmm ymit =αm1y1it +αm 2y2it +…+αm` m y` m it +…+αmM yMit  (7) 

Therefore, for the diagonal elements 

€ 

αmm =1, equation (7) can be rewritten in terms of 

proportionate accounting ratios, 

€ 

αm` m y` m it ymit( ) =1∑  over all 

€ 

` m  and for 

€ 

ymit ≠ 0. This expression 

highlights the key deterministic association between 

€ 

αm` m  and 

€ 

αmm =1, where the set of structural 

coefficients 

€ 

αm` m  correspond to double entry bookkeeping weights that are free to take either sign or 

be equal to zero, but must sum up to one, or in another words 100% of 

€ 

ymit . Certainly, 

€ 

αm` m y` m it∑  

is allowed to vary by m since accounting constructs can be expressed with more than one linear 

combination of other 

€ 

` m . 

To illustrate the rationale of equation (7) when 

€ 

αmm =1 (i.e. the diagonal elements of matrix 

€ 

αm×m ), 

consider the analysis of total accruals with operating orientation, so that 

€ 

ymit =OPACit . Expand the 

accounting aggregate to 

€ 

OPACit =αm1y1it +αm2y2it +αm3y3it +αm4y4 it  where y1it are Flows related to 

Sales (FSAit), y2it are Flows related to Purchases (FPUit), y3it are Flows related to Provisions (FPRit) 

and y4it are Flows related to Other Accruals (FOAit), so that it holds
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€ 

1=αm1
FSAit

OPACit

+αm2
FPU it

OPACit

+αm3
FPR it

OPACit

+αm4
FOAit

OPACit

. Further disaggregation may take place, 

so that FSAit may be written in terms of the primary accounts of Sales y5it (SALit) and Receipts y6it 

(RECit), and FPUit in terms of Purchases y7it (PURit) and Payments y8it (PAYit), and it holds 

€ 

1= αm5
SAL it

OPACit

+αm6
RECit

OPACit

 

 
 

 

 
 + αm7

PUR it

OPACit

+αm8
PAYit

OPACit

 

 
 

 

 
 +αm3

FPR it

OPACit

+αm4
FOAit

OPACit

, and so 

forth. In this case, it is essential to inform the model that αm5 maintains an opposite sign to αm6, and 

αm7 an opposite sign to αm8 and so on, but we will return to this point later on and in greater detail.  

On the other hand, when 

€ 

ymit = 0 equation (7) sums up to zero with 

€ 

αm` m = 0∑ , irrespective if 

€ 

αmm =1. In this case, the linear relationship will simply state an accounting identity that represents a 

sum of debits that equal to a sum of credits, such as the Cash Flow and the Earnings identities of 

equation (2). This is a particularly useful property of equation (7) that allows the system to include 

clearing parameter constraints to the model so that double entry holds. 

An additional useful theoretical guideline, is the knowledge that there exist a 
  

€ 

y  m it  that represents 

another weighted linear combination of ymit and mirrors the same equilibrium value but with a 

different sign, as follows: 

  

€ 

αmm ymit =−α  m  m y  m it =α  m 1y1it +α  m 2y2it +…+α  m ̀  m y` m it +…+α  m M yMit  (8) 

where   

€ 

m,` m ,  m =1,2,…,M  and 
  

€ 

α  m ̀  m y` m it y  m it( ) =1∑  over all   

€ 

 m  and for all 
  

€ 

y  m it ≠ 0, with 

  

€ 

αm` m ≠α  m ̀  m . With respect to the analysis of total accruals we can rewrite equation (8) as 

€ 

OPACit ≡ −FIACit =αm9y9it +αm10y10it +αm11y11it +αm12y12it , so that 

€ 

−FIACit  is the accounting 

identity that mirrors 

€ 

OPACit . For example, Figure 1 explains that it is possible to express 

€ 

FIACit  in 

terms of flows related to equity y9it, flows related to debt y10it, flows related to asset reinvestment 

y11it and flows related to tax y12it. Equation (8) is particularly useful for analysing accounting 

identities that represent higher levels of aggregation, such as total accruals, and not so useful for 

accounting variables that exist at the primary level of aggregation, i.e. individual T-accounts such as 

the depreciation expense. Therefore, while equation (7) is inherent to the system, the inclusion of 

equation (8) is not necessary but, as we will see later, it is very effective in alleviating the issue of 

omitted useful information and accommodating parameter restrictions to reflect double-entry rules. 

To sum up, equations (7) and (8) together formulate the accounting data generating process under 

which all amounts are recorded twice, once as debit and another time as credit. 
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To complete the formulation of the structural model, the following assumptions must hold. Every 

disturbance term must satisfy the standard normal assumptions   

€ 

umit ~ N 0,σmm( );∀m =1,2,…,M , 

there is zero correlation between disturbances in two time periods within the same 

equation
  

€ 

E umit ,umit−s( ) = 0;∀s =1,2,…,T −1, but there is a likelihood of contemporaneously cross-

equation correlated disturbances 

€ 

E umit ,u` m it( ) = 0;∀m ≠ ` m . Moreover, the lagged endogenous 

variables are explicitly predetermined and at least contemporaneously uncorrelated with the error 

terms 

€ 

E ylit−s,umit( ) = 0;∀s ≠ 0 , and all x’s are strictly exogenously defined 

  

€ 

E xmit ,umit( ) = 0;∀k =1,2,…K . Also, there is significant correlation between all ymit for each it, 

€ 

E ymit ,y` m it( ) ≠ 0;∀m ≠ ` m , and we make sure that the structural coefficients matrices are non-

singular, so that their determinants are not equal to zero 

€ 

det αm×m( ) ≠ 0 , 

€ 

det βm× l
s( ) ≠ 0  and 

€ 

det γm×k( ) ≠ 0. An identity exists when 

€ 

s = 0; γm×k = 0; umit = 0{ } , so that it contains no lagged 

information s=0, no exogenous information 

€ 

γm×k = 0  (neither an intercept 

€ 

γm0 = 0), and no 

disturbance term 

€ 

umit = 0 . From all of the above, we understand that a testable econometric model 

requires preferably some predetermined ylit-s and perhaps some additional useful strictly exogenous 

variables xkit.9 

The structural model described above is a generalised specification which must be adjusted 

according to the nature of the question. Yet, whatever the empirical specification, it will always call 

upon an analytical framework that asks for simultaneous estimation.10 The solution of the structural 

system is obtained by solving equation (6) for the vector of endogenous variables. To assist 

representation, consider the compact matrix notation of its reduced structural form: 

  

€ 

ym×1
t = αm×m

−1 βm× l
s( )y l×1

t−s + αm×m
−1 γm×k( )xk×1

t + αm×m
−1 um×1

t  (9) 

where superscripts indicate time and subscripts the dimension of the matrix.   

€ 

ym×1
t  is the vector of 

endogenous variables,   

€ 

y l×1
t−s the vector of lagged endogenous variables of order AR(s),   

€ 

xk×1
t  the 

vector of exogenously defined variables,   

€ 

um×1
t  the vector of disturbance terms, 

€ 

αm×m
−1  the inverse 

matrix of the structural coefficients on   

€ 

ym×1
t , 

€ 

αm×m
−1 βm× l

s  the reduced form structural coefficients on 

                                                
9 The cross-section i is held constant and at this point there is no interest in exploring the cross-firm or within-time 
correlation. We recognize the panel features of datasets that comprise of firm-year observations that are repeatedly 
observed from financial statements it over firms I and time period T. At this stage, we choose to simplify the analysis by 
not allowing for firm-specific or time-specific unobservable effects which however can be incorporated by adjusting the 
model accordingly. For such analytical capabilities see Baltagi (2005), Wooldridge (2008) and others.  
10 To avoid confusion, in this paper, we define a simultaneous system of equations as the system of multiple 
relationships in which it is certain that there is some sort of exchange of information amongst the equations. This 
definition is not exactly the same as the one encountered in some econometric texts. Econometric literature often refers 
to simultaneous systems of equations only to those systems that have at least one equation that contains more than one 
endogenous variable. Here, we generalise by also including those systems that are connected only through the error 
terms (i.e. through commonly omitted information) and not just through the covariates themselves. 
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€ 

y l×1
t−s and 

€ 

αm×m
−1 γm×k  the reduced form structural coefficients on   

€ 

xk×1
t . As explained above, to ensure 

that 

€ 

det αm×m
−1 βm× l

s( ) ≠ 0 and 

€ 

det αm×m
−1 γm×k( ) ≠ 0 , a certain number of structural coefficients must be 

set to zero. The variance-covariance (VCV) matrix of the disturbance terms 

€ 

σm×m  is given by: 

  

€ 

σm×m ⊗ ΙN = E αm×m
−1 um×1

t ′ u m×1
t αm×m

−1( )′
 

  
 

  
 (10) 

where 

€ 

⊗ is the Kronecker product, and 

€ 

ΙN  an identity matrix with dimension 

€ 

N = I ×T  that 

assumes a spherical form of the VCV, with no heteroscedasticity or autocorrelation.11 It is important 

to note that the dimension of 

€ 

σm×m  will be reduced by those m that represent identity constraints and 

therefore have no residual error terms. 

 

4. The Autoregression of Total Accruals 

The autoregressive behaviour of earnings components and particularly that of accruals is of 

particular interest to accounting research. Accruals are considered of high value-relevance and their 

autoregression is instrumental for projecting future estimates of earnings and equity values for the 

common shareholder (e.g. Ohlson 1995; Dechow, Kothari, and Watts 1998; Ohlson 1999; Dechow, 

Hutton and Sloan 1999; Barth, Beaver, Hand and Landsman 1999; Barth, Cram and Nelson 2001; 

Barth, Beaver, Hand and Landsman  2005). 

Generally, the simplest form of autoregression of order 1 for total accruals is given by 

€ 

Accrualit = π + ρAccrualit−1 +ψ it . However, as demonstrated earlier, 

€ 

Accrualit =OPACit ≡ −FIACit  

describes an equilibrium level that is formed across two separate flows within financial statements, 

namely the operating flow of accruals OPACit and the investment-financing flow of accruals 

FIACit. Therefore, while the aggregate autoregression of 

€ 

OPACit = π1 + ρ1OPACit−1 +ψ1it  yields 

identical results to 

€ 

FIACit = π 2 + ρ2FIACit−1 +ψ2it  with the only exception of 

€ 

π1 = −π 2 , the 

collapsed autoregression on subsidiary flows will certainly yield unique estimates from the marginal 

responses. Specifically, following equation (1), the autoregressions of OPACit and FIACit can be 

successfully collapsed into: 

€ 

α11OPTAit = γ10 +β11SAL it−1 + β12REC it−1 + β13PUR it−1 + β14PAYit−1 + β15PROit−1 + β16SETit−1 + β17DEPit−1 + u1it
α22IFTAit = γ20 +β28NCE it−1 + β29TXC it−1 + β210TXPit−1 + β211INTit−1 + β212NFFit−1 + β213EAR it−1 + β214NDVit−1 + u2it

 
 
 

 
 
 
 (11) 

                                                
11 At this stage, we are not concerned with investigating a more precise empirical approximation to the VCV and we 
assume the simplest form of spherical structure. We realise that for a firm-year dataset it is highly likely that the VCV 
will be contaminated with heteroscedasticity and/or autocorrelation, and it is possible to correct for these dependencies 
by substituting IN with some appropriate weight function (Greene 2008). 
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where 

€ 

α11 =α22 =1 are the structural coefficients assigned to the depended variables of each 

regression 

€ 

m =1,2 with γm0 individual intercepts and βml unknown parameters on the lagged 

endogenous variables 

€ 

l =1,2,...,14 .12 The fourteen covariates of equation (11) give rise to the EQLA 

and are also explicitly numbered in Figure 1. Even though the explanatory part for both equations 

does not contain any endogenous variables, we still expect significant contemporaneous cross-

equation correlation through their error terms since OPACit and FIACit jointly determine the 

equilibrium level of accruals. To put this in another words, both expectation functions commonly 

omit useful information that is known to exist, such as the link to the Cash Flow and the Earning 

identities described by equation (2), other relevant financial statement information (see Figure 2) or 

even non-accounting information. The clear link between OPACit and FIACit demands that both 

regressions must be simultaneously estimated as a cohesive system, as follows:  

  

€ 

100
010
001

 

 

 
 
 

 

 

 
 
 

OPAC it

FIAC it

0

 

 

 
 
 

 

 

 
 
 

=

β11β12β13β14β15β16β17 0 0 0 0 0 0 0
0 0 0 0 0 0 0 β28β29β210β211β212β213β214
β11β12β13β14β15β16β17β28β29β210β211β212β213β214

 

 

 
 
 

 

 

 
 
 

SAL it−1

REC it−1

PUR it−1

PAYit−1
PROit−1

SETit−1
DEPit−1
NCE it−1

TXC it−1

TXPit−1
INTit−1
NFFit−1
EAR it−1

NDVit−1

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

+

γ10γ jγd
γ20γ jγd
1 0 j0d

 

 

 
 
 

 

 

 
 
 

1
J it

Dit

 

 

 
 
 

 

 

 
 
 

+

u1it
u2it
-1

 

 

 
 
 

 

 

 
 
 

 (12) 

This is a system of 

€ 

m =1,2 regressions with u1it and u2it disturbance terms and one identity of 

€ 

m = 3. 

There are 

€ 

βml  coefficients for each equation m and lagged endogenous account l. Since we employ 

only lagged values of order one, we simplify notation by dropping the superscript s=1 from matrix 

€ 

βm× l
s . The matrix of the strictly exogenous variables   

€ 

xm×1
t  consists of a unity that allows for the 

inclusion of two model intercepts γ10 and γ20, plus a set of jurisdiction-specific binary variables of 

inner vector Jit with dimension 

€ 

j ×1, and a set of industry-specific binary variables of inner vector 

                                                
12 By assigning unique coefficients to each l, it is possible to estimate the marginal contribution of the lagged 
components to the variability of the original aggregate. Indeed, there are strong theoretical arguments that future 
accounting aggregates can be explained through the lagged contribution of their subsidiary accounts. For instance, the 
seminal work by Ohlson (1995, 1999) develops a first-order autoregressive process of earnings by collapsing lagged 
earnings into transitory and permanent components. Generally, it can also be shown through empirics that there is 
significant gain in explanatory power when considering disaggregated accounting autoregressions, and these results are 
available from the authors upon request. 
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Dit with dimension 

€ 

d ×1. The assigned parameters to these binary variables, γ j and γd, are inner 

vectors with dimensions 

€ 

1× j  and 

€ 

1× d  respectively, where 0j and 0d represent vectors of zeros with 

dimensions 

€ 

1× j  and 

€ 

1× d . The inclusion of a unity and a negative unity in the last row of 

€ 

γm×k  and 

  

€ 

um×1 respectively ensures non-singularity in 

€ 

γm×k . Since we intend to estimate equation (12) over a 

pooled sample of firms, the inclusion of such fixed effects will take into consideration any 

differences that may exist across jurisdictions and between industries. However, we also make sure 

that the parameters of these fixed effects are fitted with the same weight across all intra-firm 

functions (notice that parameters γ j and γd remain the same for both regressions), since jurisdiction 

or industry will affect in the same manner both autoregressive functions of OPACit and FIACit that 

jointly give rise to a common EQLA. The inclusion of the unique regression intercepts 

€ 

γ10 and 

€ 

γ 20 

ensures non-singularity in 

€ 

γm×k and captures the average expected value of the autoregression. 

A key element of equation (12) is the inclusion of the double entry bookkeeping identity as the last 

row of the system, ensuring that the addition of all 

€ 

βml  coefficients that form the EQLA produces a 

zero. Notice the zero value in the vector of endogenous variables, as well as the absence of intercept 

and the zero residual term. This indispensable parameter constraint confirms that the accounts are 

always balanced and, in terms of estimation, it makes sure that estimated parameters converge to 

their theoretical values in higher precision. Specifically, we expect from the double-entry constraint 

to guide the autoregression to assign correct signs in a complementary fashion to accounts with 

opposite balances, e.g. Sales (SALit-1) against Receipts (RECit-1), Purchases (PURit-1) against 

Payments (PAYit-1) etc. 

Estimation 

Equation (12) represents a special case of the generalised structural model where the matrix of 

structural coefficients on the endogenous variables is an identity matrix   

€ 

α 3×3 = I3 . This structure 

restricts all endogenous variables to the left hand side, and therefore we can reduce equation (9) to: 

  

€ 

y3×1
t =β3×14y14×1

t−1 + γ 3×kxk×1
t + u3×1

t  (13) 

where the dimension of vector   

€ 

xk×1
t  is of order 

€ 

k =1+ j + d . Equation (13) represents an 

autoregressive system of seemingly unrelated regressions (SUR) of order one, which means that 

although the system may appear ‘seemingly unrelated’ they still exists a significant 

contemporaneous cross-equation correlation between the error terms of the regressions.13 It follows 

                                                
13 Depending on the positioning of zero coefficients within matrix 

€ 

αm×m , equation (8) and hence equation (10) can be 
reduced to the following limiting cases: (i) when 

€ 

αm×m  is diagonal then the system is seemingly unrelated (such as in 
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that the key analytical feature of equation (13) lies in the system estimation of its VCV matrix, 

which is also reduced from equation (10) into   

€ 

σ 3×3 ⊗ ΙN = E u3×1
t ′ u 3×1

t[ ] . To estimate the SUR model 

we apply Aitken’s generalised least squares (GLS) estimator, whose feasibility is achieved by first 

using OLS to obtain consistent estimates of the VCV matrix 

€ 

ˆ σ 3×3
−1 , and then applying the following 

feasible generalised least squares estimator in order to obtain efficient estimates:14 

  

€ 

ˆ β SUR = ′ y 14×1
t−1 ˆ σ 3×3

−1 ⊗ IN( )y14×1
t−1( )

−1
′ y 14×1
t−1 ˆ σ 3×3

−1 ⊗ IN( )y3×1
t( )  (14) 

where the estimation of 

€ 

ˆ γ SUR  follows accordingly (the parameters of interest are 

€ 

ˆ β SUR , and in this 

study the parameters 

€ 

ˆ γ SUR  are used only as controls for certain fixed effects). The asymptotic bias of 

equation (14) is at most of order 1/N (Zellner 1962), but we also ensure unbiasedness in all finite 

states to guarantee existence of the second-order moments of 

€ 

ˆ β SUR , by deflating all elements of the 

VCV through 

€ 

N + 2 − l − k , (Mehta and Swamy 1976). It follows that empirical applications are 

restricted to samples with 

€ 

N + 2 > l + k . 

The effective estimation of equation (14) is examined through its unrestricted version as well as 

with the restriction of the double-entry constraint, and contrasted to the single-equation OLS 

estimator. It is expected that 

€ 

ˆ β SUR  will bring a clear gain in efficiency with more precision at least 

for samples 

€ 

N > 20 (Zellner 1963), and the inclusion of the parameter constraint will avoid inflated 

values or incorrect signs for estimated coefficients. It is also worth noting that the unavoidable 

multicollinearity between the elements of vector   

€ 

y l×1
t−1 within each equation will in fact enhance the 

                                                                                                                                                            
equations 14 and 15); (ii) when 

€ 

αm×m  is block-diagonal then each block contains its own set of endogenous variables 
and the system has a non-integrated structure which can be seemingly unrelated if the VCV matrix is not block-
diagonal; (iii) when 

€ 

αm×m  is triangular, then the system is also triangular but becomes recursive when the VCV matrix 
is diagonal; (iv) when 

€ 

αm×m  is block-triangular, then the system is also block-triangular and again becomes block-
recursive when the block VCV matrix is diagonal. Otherwise, the system has an integrated structure and describes a 
more generic interdependent system of equations (see Kmenta 1997 for a more detailed discussion). The latter is 
commonly known as a system of simultaneous equations, whereas it is usual to refer to the special cases listed above by 
their labelled names. 
14 The simultaneous estimation of the system of SUR will yield almost certainly a more efficient set of estimates 
(Zellner 1962, 1963; Zellner and Huang 1962; Srivastava and Giles 1987). However, the literature identifies three 
limiting cases when the SUR estimator of equation (14) collapses to the simple OLS estimator, in terms of estimated 
values and standard errors. This happens when (i) there is no contemporaneous correlation between the disturbance 
terms, (ii) the regressors in each equation are precisely the same, or (iii) the regressors in one equation are a nested set 
of those in another equation in which case the nested parameters could be equivalently recovered by the OLS estimator. 
See Dwivedi and Srivastava (1978) who discuss the optimality of least squares estimator in a SUR model, Judge, Hill, 
Griffiths, Lütkepohl and Lee (1988) for the proofs to cases (i) and (ii), and Revankar (1974) and Conniffe (1982a,b) 
for a discussion over case (iii). However, it should be noted that even when the multi-equation SUR is theoretically the 
same as the single-equation OLS, the SUR system is still useful for performing joint tests over multiple equations and 
assigning cross-equation parameter constraints – these are impossible to do through OLS. 
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superiority of SUR over OLS, given the two-stages involved in estimation (Binkley, 1982).15 

Furthermore, prior to estimation, we make sure to examine the fundamental assumption of 

significant cross-equation error correlation using the asymptotic Breusch and Pagan (1980) 

Lagrange Multiplier test, and the finite sample exact test developed by Harvey and Phillips 

(1982).16 To compare the fits amongst regressions and the trade-off between informativeness and 

added complexity we use two popular information criteria: Akaike’s Information Criterion (AIC) 

and Schwartz’s Bayesian Information Criterion (BIC).17 

 

5. The Regression of Total Accruals on other Endogenous Accounting Variables 

Total Accruals is often employed as a dependent variable in OLS regressions with the explanatory 

part consisting of subsidiary accrual accounts and/or other variables that are observed from the 

same set of financial statements.18 Equation (5) describes such a regression of OPACit on SALit and 

NCEit, whose OLS estimation will surely yield inconsistent results, with the direction of finite bias 
                                                
15 Binkley (1982) investigates this special point and proves that the greater the intra-equation multicollinearity the more 
likely it is to have a considerable gain in efficiency for the entire system of SUR. This is a paradoxical result for OLS, 
yet it is highly advantageous for estimating SUR since multicollinearity is consumed during the first stage of estimation, 
and only then the regressions will be employed in the second and final stage. In the words of Binkley (1982, p.894) 
“Consider a variable in a particular equation. If this variable is not highly correlated with the other variables within the 
equation, then any correlation between this and variables in a second equation will be fully felt in reducing the 
efficiency of SUR. On the other hand, if there exists high multicollinearity within the equation, it is quite probable that 
correlation of variables across the equations will merely mirror that already existing and thus have little effect on SUR 
variance: most of the damage will have already been absorbed by OLS variance”. 
16 The Breusch and Pagan (1980) test places all the 

€ 

m m −1( ) 2 off-diagonal unknown disturbances in a single vector 
and uses the asymptotically efficient residuals to test the null hypothesis of no correlation between the error term in the 

€ 

mth  equation and the error term in the 

€ 

` m th  equation. In contrast to this pairwise approach, Harvey and Phillips (1982) 
propose an exact finite independence test between the error term of m and the all remaining error terms in the system. 
The procedure begins with an augmented regression with the inclusion of all the rest estimated error terms and performs 
an exact F-test for the significance of the parameters on the residual variables; the test is distributed as 

€ 

F km + ˆ u ̀ m 
,N − km − km + ˆ u ̀ m ( ) , where 

€ 

km + ˆ u ̀ m 
 is the number of parameters in the respective regression m plus the estimated 

errors terms from the rest of the regressions 

€ 

ˆ u ̀ m  and km the number of parameters in the original regression. For a 
comparison of the two tests and their application in a system of SUR see Dufour and Khalaf (2002).  
17 Information criteria, such as AIC and BIC, are a function of the estimated log-likelihood and provide a measure of the 
most informative model in terms of fit by penalizing over-parameterisation that offers very little marginal improvement. 
The best model minimises the information criteria. AIC and BIC are not competitive model selection criteria but rather 
complementary, with the difference that the former penalises more severely in smaller samples and tends to select the 
model with the best fit, whereas the latter penalises more heavily in larger samples and tends to select the model with 
the least number of parameters. The information criteria are undoubtedly superior to the simple R2 which entirely 
ignores the complexity of the model and overfits additive specifications, but also to the adjusted-R2 which is not severe 
enough in its penalisation for lost degrees of freedom.  
18 A number of studies have employed OLS regressions of total accruals on sales (an income statement variable) and/or 
property, plant and equipment (a balance sheet variable), (e.g. Jones 1991, Dechow, Sloan and Sweeney 1995; Beneish 
1997; Xie 2001; Klein 2002; Marquardt and Wiedman 2004; Cheng and Warfield 2005; Darrough and Rangan 2005). 
Most of these studies have been very careful in testing the statistical usefulness of their specifications, and have also 
employed past levels of sales as explanatory variables to act as instruments and therefore address the problem of 
endogenous regressors through empirical methods. The purpose of this exercise is not to offer a critic to the 
aforementioned studies, but rather to present an alternative view to the conceptual development of regression equations 
that rely on accounting variables. 
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being either positive or negative but never zero. To ensure the unbiased estimation of equation (5), 

we can formulate the equation as part of an integrated system of simultaneous regressions that is 

connected not only through the contemporaneous error terms (as in equation 12), but also through a 

direct equivalence between endogenous variables that appear as depended in one equation and 

independent in some other equation. 

To construct such integrated system, we need to satisfy two standard conditions. First, each separate 

equation m within the system must fulfil the necessary order condition of identification so that the 

number of linearly independent exogenous variables excluded from each equation (i.e. the number 

of zero elements for a given row of matrices 

€ 

βm× l  and 

€ 

γm×k) is at least as large as the number of the 

endogenous variables included in that equation minus one (i.e. the number of non-zero elements in 

matrix 

€ 

αm×m  other than the coefficient on the depended variable 

€ 

αmm =1). This means that if we 

were to use only lagged endogenous accounting variables to identify each equation, then we must 

make sure that these are linearly independent and do not represent different levels of aggregation 

within the financial statements. For instance, using lagged Total Assets, lagged Current Assets and 

lagged Receivables as exogenous variables then only one of the three will count as a linearly 

independent variable given their direct additive dependence. Yet, this is not a problem for the 

lagged values of the fourteen variables that form the EQLA, since these are observed from lower 

levels of aggregation and none variable is contained within another. Second, the system as a whole 

must fulfil the necessary and sufficient rank condition of identification, which mandates that the 

number of distinguished equations is equal to the number of endogenous variables wherever these 

may be located within the system, so that there is only one solution for each structural parameter.19 

With these in mind consider the following structural solution for equation (5): 

                                                
19 The order and rank conditions for identification relate to the notion of having sufficient information for recovering 
unique estimates for each one of the structural parameters. When the integrated system is too complex or contains too 
many parameter constraints then an empirical approach to identification may also prove useful for determining whether 
there exists a numerical solution to the maximum likelihood function (Kmenta 1997). 
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 (15) 

The integrated system of equation (15) consists of three regressions (one for each endogenous 

variable) and two parameter constraints. The first regression is similar to equation (5), i.e. a 

regression of OPACit on SALit with coefficient 

€ 

−α12  and on NCEit with coefficient 

€ 

−α13 . The 

second regression describes the expectation that the variation in the current level of sales SALit can 

be explained, to a certain extend, by the lagged levels of all accrual flows that form the Earnings 

identity, plus the contemporaneous variation of OPACit with coefficient 

€ 

−α21. The inclusion of 

OPACit as an explanatory variable in the second regression reflects a key argument of our analysis; 

that is to say, the direction of causality between SALit and OPACit is virtually indistinguishable as 

the levels of both variables are jointly determined. The third equation expresses NCEit as an 

expectation function on the lagged levels of all cash flows that form the Cash Flow identity, plus 

the contemporaneous variation of FIACit with positive coefficient 

€ 

α31. Since 

€ 

OPACit ≡ −FIACit , 

then it is only natural to expect that the levels of both NCEit and OPACit are jointly determined as 

well. However, instead of including the additional endogenous variable of FIACit, for which we 

would have to construct a fourth regression in the system, we allowed for its inclusion through the 

inverse of OPACit (notice the positive sign of 

€ 

α31 in contrast to 

€ 

−α21). The fourth and fifth 

equations indicate two necessary parameter constraints to ensure that double entry holds for the 

Earnings identity and the Cash Flow identity, respectively. 

The vector of the strictly exogenous variables   

€ 

xk×1
t  consists of a unity that allows for the inclusion of 

three regression intercepts γ10, γ20 and γ30, plus a set of jurisdiction-specific binary variables Jit with 

corresponding coefficients γmj and a set of industry-specific binary variables Dit with corresponding 

coefficients γmd. Notice that coefficients γmj and γmd are allowed to differ between regressions 

€ 

m =1,2,3. This is a different treatment to equation (12) where γ j and γd are held equal across the 
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autoregressive functions of OPACit and FIACit, since these are mirror functions that jointly give rise 

to the common level of accruals, which in turn is affected by jurisdiction and industry. Instead, in 

equation (15), it is very likely that jurisdiction and industry will have a differential impact in 

explaining the expected variation of operating accruals (the first system equation), the expected 

variation of sales (the second system equation), and the expected variation of net capital 

expenditure (the third system equation). The inclusion of a unity and a negative unity in the last two 

rows of 

€ 

γm×k and   

€ 

um×1 respectively ensures non-singularity in 

€ 

γm×k and ensures that double entry 

holds.  

Estimation 

Equation (15) represents an integrated structure of simultaneous equations where endogenous 

variables appear in both sides of a regression. In this case, 

€ 

αm×m  is not an identity matrix and the 

reduced form solution of equation (9) is adjusted as follows: 

  

€ 

y5×1
t = α 5×5

−1 β5×14( )y14×1t−1 + α 5×5
−1 γ 5×k( )xk×1

t + α 5×5
−1 u5×1

t  (16) 

where the dimension of vector   

€ 

xk×1
t  is of order 

€ 

k =1+ j + d . The solution to the system follows from 

recovering the reduced form coefficients 

€ 

α 5×5
−1 β5×14  on the lagged endogenous variables   

€ 

y14×1
t−1  and the 

reduced form coefficients 

€ 

α 5×5
−1 γ 5×k  on the strictly exogenous variables   

€ 

xk×1
t , where the reduced form 

error term matrix   

€ 

α 5×5
−1 u5×1

t  clearly contains endogenous responses as well as contemporaneous 

cross-equation correlations (given the structural assumption of 

€ 

E umit ,u` m it( ) = 0;∀m ≠ ` m ). 

Consistent estimation follows from first using all l and k exogenous variables as instruments to each 

endogenous variable in the system   

€ 

y5×1
t  in order to produce the fitted instrumented values   

€ 

y 5×1
t , and 

then applying the following two-stage least squares (2SLS) estimator: 

  

€ 

ˆ β 2SLS = ′ Z σ 5×5
−1 ⊗ IN( )Z( )

−1
′ Z σ 5×5

−1 ⊗ IN( )y5×1
t( ) (17) 

where the vector   

€ 

′ Z  takes on the instrumented values of   

€ 

y5×1
t  plus the 

€ 

l + k  instruments. The VCV 

matrix 

€ 

σ 5×5
−1  contains the equation-by-equation estimated error terms. The 

€ 

ˆ β 2SLS  estimator produces 

consistent results but may be asymptotically not efficient. To examine the benefit from allowing 

more efficiency in estimation, we substitute 

€ 

σ 5×5
−1  with its feasible GLS alternative and derive the 

three-stage least squares (3SLS) estimator   

€ 

ˆ β 3SLS = ′ Z ˆ σ 5×5
−1 ⊗ IN( )Z( )

−1
′ Z ˆ σ 5×5

−1 ⊗ IN( )y5×1
t( ), where 

€ 

ˆ σ 5×5
−1  is the same VCV employed by the asymptotically efficient estimator 

€ 

ˆ β SUR  of equation (14). 
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When an equation is overidentified (i.e. there are more instruments than regressors) then 

€ 

ˆ β 3SLS  may 

produce more efficient estimates than 

€ 

ˆ β 2SLS . However, if any of the equations is not well specified 

then 

€ 

ˆ β 3SLS  will spread the bias in the entire system, whereas 

€ 

ˆ β 2SLS  will confine the misspecification 

to that equation in which it appears. If an equation is exactly identified then 

€ 

ˆ β 2SLS  and 

€ 

ˆ β 3SLS  yield 

identical results. To control for this trade-off, we employ a Hausman (1978) test for general 

misspecification to examine the null whether the 

€ 

ˆ β 3SLS  estimator is correctly specified and 

outperforms the consistent 

€ 

ˆ β 2SLS  estimator in terms of asymptotical efficiency. 

Furthermore, to justify the conceptual superiority and empirical significance of the system of 

simultaneous equations over the single equation OLS, we perform a number of additional tests 

including: (i) comparison of informativeness versus parameterisation using the information criteria 

AIC and BIC; (ii) testing the null that OLS estimates remain consistent and efficient despite 

endogeneity, for each one of the variables within vector   

€ 

ym×1
t  against its 

€ 

ˆ β 2SLS  alternative, using the 

Durbin-Wu-Hausman test (Hausman 1978); (iii) testing the instrumental relevance of instruments 

employed by 

€ 

ˆ β 2SLS  by comparing Shea’s (1997) multivariate IV-partial-R2 to Bound, Jaeger and 

Baker (1995) standard IV-partial-R2; (iv) testing the null of homoscedasticity using the Pagan and 

Hall (1983) procedure specifically developed for IV-related estimators in order to explain the 

potential loss of efficiency in estimating endogenous regressors. 

 

6. Analysis 

Data was collected from Datastream for active firms that are domiciled in the 2005 pre-enlargement 

EU, excluding Luxembourg and Germany, over the period 1988-2002. The initial sample of 18,862 

firm-year it observations covers six broad industrial classes as defined by Datastream’s industry 

identifier INDC3: Basic Industries, Cyclical Consumer Goods, Cyclical Services, General 

Industries, Non-Cyclical Consumer Goods, and Non-Cyclical Services.20 The computation of the 

EQLA variables consumes the first year and reduces the sample by 2,107 observations, which is 

                                                
20 We exclude Luxembourg due to insufficient observations. Germany is also excluded because for this country 
Datastream does not report item 137 ‘Operating Profit-Adjusted’ and therefore it is not possible to apply the 
reconciliation. We restrict the sample to equities that are not listed as Total Financials, Information Technology, 
Resources, Utilities, or are generally Unclassified. We also exclude non-active listings resulting from long-term 
suspensions, delistings and failures. We realise that the selection of only active firms is subject to survival bias and has 
a direct impact to the arrangement of the sample’s distribution. However, by excluding these firms we expect more 
stable streams of accruals and earnings that will allow a more clear-cut contrast of the fit for the models considered in 
the paper. This is an approach often followed in the insolvency literature, where it is common to compare samples of 
financially healthy entities to samples of failed entities given that the latter is characterised by rather extraordinarily 
volatile behaviour (e.g. Dambolena and Khoury 1980). 
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also the initial number of firms in the sample. Figures 1 and 2 detail the reconciliation of 

Datastream items for deriving these variables. It is important to note that the EQLA is applicable to 

also those 2005 pre-enlargement EU member states that are labelled by Datastream as ‘emerging 

markets’ and appear with a restricted level of disclosure. 

We exclude 212 observations with nonsensical signs, i.e. those with Cr balances for Receipts, 

Purchases, Interest charges, and Depreciation expense and/or Dr balances for Sales revenue and 

Payments. There are another 2,049 observations for which the Cash Flow Identity and the Earnings 

Identity of equation (2) does not hold, hence indicating that the books do not balance. However, at 

least 1,958 of these observations suggest rounding errors where debits and credits are not equal by  

–9 or +9 units, most likely resulting from the fact that data was downloaded from Datastream in 

thousands. For this reason, we leave in the sample all observations with values that fall within 

€ 

−9 ≤ Cash Flow Identityit ,Earnings Identityit( ) ≤ 9, and then correct the rounding error. The rest of 

the 91 observations, most of which represent much larger deviations from zero, reflect data 

problems resulting either through erroneous data inputting from Datastream or purely incomplete 

double-entry and are therefore discarded, leaving a usable sample of 16,452 firm-year observations. 

The final estimation sample is reduced to 14,356 observations due to the lagged explanatory 

variables covering 1,893 listed firms over 13 EU member states for the period 1989-2002. Table 1 

provides the break down of the final sample by member state and industrial sector. Given the 

pooled sample across firms and years, we allow for these implied unobserved jurisdiction-specific 

and industry-specific effects through the inclusion of appropriate fixed effects in both models that 

we estimate (see equations 12 and 15). 

Extreme or influential observations are a feature of accounting data, and the aggregation of such 

values across earnings components can lead to noticeable modes in the frequency distribution. 

Nevertheless, this part of financial distributions is internally defined and quite significant, and in 

some cases dominant in shaping probabilities. We believe that the deletion of extreme observations 

places a great bias in estimation. Instead, we prefer to give bounded support to the distribution of 

the variables by deflating all variables through the summation of the absolute values for all fourteen 

flows that give rise to the EQLA. This type of deflator also recognises that all flows would 

originally appear with positive values and that a negative aggregate is only imposed to facilitate the 

reconciliation (this rationale is also reflected in equations 9 and 10).21 Following this deflation, the 

                                                
21 In empirical financial analysis research it is common to create common-size statements. For example, dividing all 
components on the balance sheet by Total Assets creates a vertical common-size balance sheet, so that the resulting 
percentages eliminate the size-effect and enable comparative study (Baker and Powell 2005). However, deflation via 
Total Assets does not create proportional measurements for a reconciliation statement since Sales and Expenses are 
often much larger. For this sample, 79.55% of reconciliation have Sales larger than Total Assets. Therefore, in order to 
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elimination of outliers is no longer justified as the transformed variables are now distributed within 

a standardised range of variation. 

Table 2 provides the arithmetic means, range of variation and standard deviation for all deflated 

variables that form the EQLA. Double-entry bookkeeping applies on the sample means and it 

follows that the addition of all means gives a zero. Given the focus on accruals, the reconciliation is 

constructed in a way so that flows with credit normal balance (revenue or gains and cash outflows) 

take a positive sign [+], where flows with debit normal balance (expenses or charges and cash 

inflows) take a negative sign [–]. For those cases where debit and credit transactions may be offset, 

the variables are separated at zero to indicate the sub-samples with net negative and net positive 

flows. Earnings can be either profits [–] or losses [+]. For the total pooled sample (N=14,356), Sales 

have a higher expected value (0.2336) than the absolute mean of Receipts (-0.2280) and therefore 

the difference (0.0056) is a net increase of deferrals over accrued transactions. In contrast, the 

absolute mean of Purchases (-0.2096) is higher than that of Payments (0.2056) and their joint effect 

(-0.0040) indicates a net decrease in accrued transactions over deferrals. The overall net effect over 

Sales, Purchases, Receipts and Payments (0.0016) is accrual decreasing and/or deferral increasing.  

To investigate the income statement effect on provisions PROit-1 the sample is partitioned into those 

observations that indicate either net recognition of non-financial liabilities (N=3,874; mean -0.0097) 

or net cancellations of provisions (N=10,482; mean 0.0061). The joint mean effect over the total 

sample is an excess of recognition of provisions over cancellations (mean 0.0018). To put this 

accrual effect into perspective, we contrast PROit-1 with its complementary cash flow effect of net 

settlements of non-financial liabilities (N=4,771; mean 0.0109) over reimbursements (N=9,585; 

mean -0.0098). Over the total sample, there are more net reimbursements than net settlements 

(mean -0.0029) and the combined mean effect from both PROit-1 and SETit-1 is an excess of net 

cancellations over reimbursements (mean -0.0011). 

On the whole, for this sample, it can be seen that the net impact is accrual decreasing and/or deferral 

increasing, which can be broken down into the following additional categories: (i) equity accounts: 

effect of profits against losses over the cash flow effect of dividend distributions against new equity 

contributions, (ii) debt accounts: effect of interest charges over the cash flow effect of proceeds 

from debt issuing against debt repayments, (iii) asset accounts: effect of value adjustments from 

depreciation over the cash flow effect of new acquisition of assets against asset disposals, (iv) 

                                                                                                                                                            
transform all items taken from a reconciliation statement into proportions, we use a measure of total size of transactions 
that flow within a year, i.e. the addition of all fourteen variables that define the equilibrium level of accruals. There are 
clear benefits from considering standardised bounded variation especially in dealing with problems related to extreme 
values (Christodoulou and McLeay 2008). 
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taxation accounts: effect of charges against rebates over the cash flow effect of payments against 

refunds. 

Estimation of the Autoregression of Total Accruals 

Table 3 reports the estimated coefficients and standard errors for equation (12) as recovered from 

the OLS estimator, the unrestricted SUR estimator absent of the cross-equation double-entry 

parameter constraint, and the restricted SUR estimator that includes the double-entry constraint. We 

suppress the output of all estimated intercepts (including the model’s, jurisdiction-specific and 

industry-specific intercepts) since the parameters of interest are the structural coefficients of matrix 

€ 

βm× l . The role of intercepts in the model is merely for controlling certain unobserved fixed effects 

that are introduced in a pooled sample of firm-year observations. Table 3 also reports the Akaike 

Information Criterion (AIC) and the Schwartz’s Bayesian Information Criterion (BIC) for model 

selection. Both indicate a clear superiority of the SUR estimators over the OLS, but the decision is 

not so clear-cut between the unrestricted and the restricted SUR estimators. This means that despite 

the fact that the system of SUR consumes double as many degrees of freedom than the single-

equation OLS, the gain in terms of maximum likelihood is much greater. Furthermore, both 

Breusch and Pagan (1980) and Harvey and Phillips (1982) tests verify that there exists a strong 

contemporaneous dependence amongst the cross-equation error terms both in finite samples and in 

the asymptotic state, at the p<0.0001 levels. This empirical finding further validates the use of a 

system of simultaneous intra-firm functions for determining the equilibrium level of autoregressive 

total accruals. 

Figure 3a plots the estimated standard errors that reflect the efficiency in estimation and Figure 3b 

plots the estimated values of the coefficients. The analysis focuses more in comparing collective 

model fitting and less on the per se interpretation of each individual parameter. It is evident from 

Figure 3a that there is a clear gain in efficiency by moving from OLS to the system of SUR and 

especially to the restricted SUR estimator that takes into consideration the double-entry 

requirements. The variability in estimation is uniformly minimised across all coefficients starting 

from the biased OLS estimator (which overlooks the contemporaneously interrelated structure 

within 

€ 

σm×m ) to the consistent and asymptotically efficient estimator of the restricted system of 

SUR. 

Figure 3b visibly demonstrates how OLS estimation may lead to inflated parameters with 

inconsistent signs. Specifically, OLS fits an autoregression of operating total accruals OPACit to its 

subsidiary lagged accounts by recovering significantly negative coefficients for sales SALit  
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(-0.0288), receipts from sales RECit-1 (-0.0609), purchases PURit-1 (-0.1620) and payments for 

purchases PURit-1 (-0.1764). This is surely incorrect since sales (Cr) are complemented by receipts 

(Dr) and purchases (Dr) are complemented by payments (Cr), and one would expect that the 

balance of accruals for the next year, whatever that may be, would be increased or decreased by 

either sales or receipts and by either payments or purchases but not by all at the same time.  

This inconsistency in OLS estimation is also observed in the separate estimation of autoregressive 

total accruals with an investment-financing orientation, FIACit. Here, the OLS estimator recovers 

positive signed coefficients for both earnings EARit-1 (0.0389) and net dividend DIVit-1 (0.0090). 

However, Table 2 explains that, for the total sample, there are more profits than losses and that 

there is an excess of dividend distributions over new capital contributions, which implies fitting 

different signs for these explanatory variables. Moreover, despite the fact that the level of variation 

of the two variables is at similar levels (standard deviation of EARit-1 = 0.0319 and DIVit-1 = 

0.0397), the OLS estimator deems DIVit-1 as insignificant and also fits the wrong sign to EARit-1. A 

similar situation occurs for the pair of coefficients on tax charges TXCit-1 and tax payments TXPit-1. 

The nonsensical coefficients recovered by OLS are merely a reflection of the biased nature of the 

estimator, at least within this context. 

In contrast, the estimator of the restricted system of SUR takes into account the double-entry 

bookkeeping constraint and makes sure that estimation produces values that are in line with their 

theoretically expected behaviour. Given that a positive value for OPACit indicates a net deferral and 

a negative value indicates a net accrual, then we can see how the restricted estimator of SUR fits the 

correct complementary signs to sales SALit-1 over receipts RECit-1. That is to say, for every unit of 

increase in sales there will be a net decrease of -0.0517 in deferrals or, in another words, a net 

increase in accruals. Similarly, for every unit increase in receipts we anticipate a 0.0219 net increase 

in deferrals by decreasing accruals. In the same sense, the coefficient of purchases PURit-1 (-0.0300) 

is fitted with a complementary sign to that of payments PAYit-1 (0.0015), and likewise for 

provisions PROit-1 (-0.0450) against settlements SETit-1 (0.0334).  

In contrast to OPACit, a positive value for FIACit indicates a net accrual level and a negative value a 

net deferral level. Here also, the restricted SUR estimator recovers complementary signs for 

earnings EARit-1 (-0.0371) against net dividend DIVit-1 (0.0346), for interest charges INTit-1  

(-0.0424) against net financing flow NFFit-1 (0.0230), and for tax charges TXCit-1 (-0.0154) against 

tax payments TXPit-1 (0.0154). As well, the fitted positive signs on both net capital expenditure 

NCEit-1 (0.0287) and depreciation expense DEPit-1 (0.1031) are also complementary given that the 

two variables take part in mirror functions of total accruals. The effect of the double-entry 
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bookkeeping constraint is certainly impressive especially since it does not ask for this 

complementary behaviour but only that the summation of all fitted parameters gives a zero (i.e. that 

debits are equal to credits). The output from the unrestricted estimator of the system of SUR merely 

illustrates the penalty for omitting this fundamental parameter constraint. 

Estimation of the Regression of Total Accruals on other Endogenous Accounting Variables 

Table 4 reports the estimated coefficients and standard errors for equation (12) as recovered from 

the OLS estimator, and the 2SLS estimator for the unrestricted and restricted system of 

simultaneous equations. The choice of 2SLS (equation 17) over its 3SLS alternative follows from a 

Hausman (1978) specification test, suggesting that the 

€ 

ˆ β 3SLS  estimator is not well specified by 

comparison to the 

€ 

ˆ β 2SLS  estimator. Like before, we suppress the output of all intercepts since the 

parameters of interest are the structural coefficients of matrix 

€ 

βm× l . The table also reports a number 

of other tests that are discussed below.  

Figure 4a plots the estimated standard errors and, like in the system of SUR examined above, when 

moving from OLS to 2SLS there is a great gain in efficiency to the recovery of all lagged 

endogenous variables. Yet, this relative gain is not felt by the estimated coefficients on the 

endogenous regressors in the system, namely OPACit, SALit, NCEit and FIACit. However, it should 

not be a surprise that the recovery of the, undoubtedly, consistent 2SLS coefficients on endogenous 

variables comes at the cost of higher variance by comparison to their OLS counterpart. This trade-

off is a well-documented result in the econometrics literature and it is not an indication of 

‘deficiency’ for the 2SLS estimator (Cameron and Trivedi 2004). 

Two main empirical reasons may contribute to the increased variance in 2SLS estimation, with 

respect to the estimated coefficients of the endogenous variables. First, there may be low 

‘instrumental relevance’ and the effect of instrumentation is not as powerful as expected. This can 

be particularly problematic when the instruments are highly collinear (Staiger and Stock 1997), 

which is rather worrying given the high levels of multicollinearity across financial statement 

variables. Instrumental relevance is more of an empirical question and there is certainly much room 

for improvement of the final specification, as one may experiment with other potential instruments 

obtained outside the accounting system. Nevertheless, for this study, we prefer to maintain the 

structural approach and employ only instruments that are available within accounting (i.e. the 

lagged levels of financial statement variables), plus the naturally expected instruments of 

jurisdiction-specific and industry-specific fixed effects. To make sure that these are indeed relevant 

instruments and not just noise (in which case 2SLS will be as inconsistent as OLS), we examine the 
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departure of Shea’s (1997) multivariate IV-partial-R2 from the Bound, Jaeger and Baker (1995) 

standard IV-partial-R2.22 It is very reassuring to see that the differential level between the two IV-

partial-R2 is less than 0.01 for all endogenous variables (see Table 4), and this is a strong indication 

of high instrumental relevance and verification that the overall instrumentation is well specified. 

The second possible empirical explanation for the increased variance in 2SLS estimation is 

heteroscedasticity. In this case, the 2SLS estimator remains consistent and can be still used for 

asymptotical inference, but it is no longer efficient (Baum, Schaffer and Stillman 2003). To 

examine the null of homoscedasticity, we perform the Pagan and Hall (1983) chi-squared test that is 

specifically designed for use with IV-related estimators, such as the 2SLS estimator. Given the very 

large sample employed in the paper, we apply the test using the levels, squares and cross-products 

of all instruments as indicator variables hypothesised to be related to heteroscedasticity for each 

separate equation. Indeed, results in Table 4 verify a strong presence of heteroscedasticity in the 

data (at p-values<0.0001 for all equations), and this certainly has an effect in increasing the 

variance of 2SLS estimation.23 

Regardless of heteroscedasticity, we have no doubts of the superiority of 2SLS over the OLS 

estimator and the increased asymptotic variance of 2SLS is a worthwhile trade-off against the 

inconsistency of OLS. To prove this point, Table 4 reports the Durbin-Wu-Hausman test (Hausman 

1978) whose very large values indicate strong evidence of inconsistency in OLS (with  

p-values<0.0001 for all equations), and that estimation must follow an instrumental variable 

approach for estimating all three equations. This is a standard test for choosing between 2SLS and 

OLS when we suspect the presence of endogenous regressors (Cameron and Trivedi 2004), and it is 

also important to note that it performs particularly well even if the instruments have ‘weak 

relevance’ (Staiger and Stock 1997). Moreover, AIC and BIC verify that despite the added 

                                                
22 The measure of IV-partial-R2 provides an indication of instrumental relevance of the instruments that are used to 
instrument one or more endogenous variables. In simpler words, this measure is the R-squared from a partial regression 
of the endogenous variable on its instruments. The most popular IV-partial-R2 measures are those proposed by Bound, 
Jaeger and Baker (1995) and Shea (1997) which are identical for regressions with only one endogenous variable (such 
as the second regression in equation 15), but only Shea’s (1997) multivariate IV-partial-R2 is reliable for regressions 
with more than one endogenous variable (such as the first regression in equation 15). To evaluate instrumental 
relevance, it is usual practice to compare the difference between the two measures. If the one proposed by Shea (1997) 
is much smaller than the one proposed by Bound et al. (1995), then this is a good indication of instrumental irrelevance 
and that the 2SLS estimator may be inconsistent, and therefore more testing should follow (Baum, Schaffer and 
Stillman 2003). 
23 The effect of heteroscedasticity can be alleviated through some type of robust estimation (e.g. by applying the 
‘sandwich’ estimator) during the first stage of the 2SLS procedure. Robust estimation is not difficult to implement with 
most modern statistical packages, however we prefer to omit this type of analysis, as it would complicate the 
presentation of the proposed structural model even more. Also, it is worth noting that perhaps the most appropriate 
solution to estimating consistent and efficient coefficients in the presence of heteroscedasticity (and/or clustering) is the 
general method of moments GMM (Cameron and Trivedi 2004). 
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parameterisation of the system of simultaneous equations, this is a much more informative 

specification relative to the single equation OLS model. 

Table 4 reports the estimated coefficients and Figure 4b plots their values. For the first regression, 

both OLS and 2SLS fit the expected signs to the coefficients of SALit (plus) and NCEit (minus), 

indicating that an increase in sales will result to a contemporaneous increase in expected operating 

accruals, whereas an increase in net capital expenditure will have the opposite contemporaneous 

effect. Nevertheless, the coefficient of SALit recovered by OLS (0.1167) is double as large as the 

one recovered by the restricted 2SLS estimator (0.0694), and the OLS coefficient of NCEit  

(-0.1870) is only half as large to its restricted 2SLS counterpart (-0.3764). All four coefficients 

appear highly significant at the 99% level, but since we know that the OLS estimator is inconsistent 

(e.g. see Hausman tests), this implies inflated OLS results that result from a convergence to a local 

solution that is far away from its global optimal.  

The second regression shows how the underlying inconsistency of OLS may turn into entirely 

erroneous inferences. Specifically, the fitted OLS coefficient on OPACit is significantly positive 

(0.1250) but the fitted restricted 2SLS coefficient is significantly negative (-0.4862). The 2SLS 

result is indeed very intriguing. It explains how one unit increase in SALit results in an expected 

contemporaneous increase in OPACit (first regression), but once the direction of causality is 

reversed then one unit increase in OPACit results in an expected contemporaneous decrease in SALit 

(second regression). Given that the accounting process explains that the levels of both variables are 

jointly determined, and therefore the direction of causality between the two is virtually 

indistinguishable, then the 2SLS coefficients imply an iterative process for determining the final 

reporting figures. In another words, we would expect from firms to maximise sales, which in turn 

will increase the final level of operating accruals, on average. At the same time, it is expected that 

firms would manage operating accruals to meet certain targets this may possibly result in an adverse 

effect on the level of sales of that period. Indeed, there is strong positive accounting theory that 

explains how managers hold back on sales to achieve certain targets, one of the foremost being a 

smoother stream of revenue and final profit. Furthermore, the negative coefficient that is fitted on 

DEPit-1 by OLS (-0.1345) is not consistent to normal expectations, in contrast to the one recovered 

by the restricted 2SLS estimator (0.5129). Indeed, we would expect a positive coefficient on lagged 

depreciation expense, since the larger the value adjustment of non-current assets in the previous 

period then the smaller will be the net accrual in the next period (i.e. an increase in net deferral).  

The results from the third regression also present a number of discrepancies between the 

coefficients estimated by OLS and the 2SLS estimators. The most obvious result is that the OLS 
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estimates seem to be severely affected by some sort of scaling effect, and as a consequence the fit 

overshoots by about 0.50 units, hence forcing all coefficients to appear positive. However, given the 

double entry rules that underline the Cash Flow identity it should be expected from the addition of 

the coefficients from the last regression (except that of FIACit) to balance out and not to add up to 

greater positive magnitude. Similarly, the coefficients estimated by the unrestricted 2SLS estimator 

are again all positive and fall in between of those recovered by the other two estimators, thus 

indicating the penalty for omitting the double-entry parameter constraints. 

 

7. Summary  

In financial accounting research, we often come across regressions that use on both sides of the 

equation accounting variables that come from the same set of financial statements. Total Accruals is 

an example of such an accounting variable that is frequently expressed as an OLS function of other 

endogenous accounting covariates. Following a simple reconciliation statement, we establish that 

all accounting variables are contemporaneously co-determined within a single matrix of 

endogenous information. This means that an OLS regression of an accounting variable on some 

other variable observed from the same set of financial statements will be contaminated with 

simultaneity biases and will produce inconsistent estimates. 

Instead, we propose a more structural solution to the problem of endogeneity by constructing 

systems of simultaneous equations for use with accounting information. Total Accruals proves to be 

a fine example for investigating these issues, but the analysis can be extended to virtually any other 

accounting identity. We show how the level of accruals represents an equilibrium level that is co-

determined by an operating function, a financing-investment function, the cash flow identity and the 

earnings identity. We apply the structural model of simultaneous equations to estimate two key 

questions, namely the autoregression of the equilibrium level of accruals and the regression of 

accruals to other contemporaneous accounting variables. Results show that the OLS estimator is 

inappropriate in specifying or estimating such problems and produces inefficient and inconsistent 

results. More importantly, OLS is unable to account for double entry rules and the recovered 

parameters are estimated with opposite signs or inflated values. We overcome these predicaments 

through the proposed structural approach. The caveat to this approach is that a system of equations 

is a more complex tool and requires additional caution both during formulation and estimation, but 

the technology is available and has great potential for use with accounting information. 
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Figure 1: The Equilibrium Level of Accruals (EQLA)  
 

 Variables Description Computation 

(1) SAL Sales Revenue [+] –104 
(2) REC  Customer Receipts [–] SAL – Δ(376 – 375) 
(3) PUR  Purchases [–] 104 – 137 – 136 
(4) PAY  Supplier Payments [+] PUR – Δ(–389 +154 – 625 + 309) 
(5) PRO Provision Recognition [–,+] 137 – 154 – 153 
(6) SET  Settlements of Provisions [–,+] PRO – Δ(–322 + 305 + 1301 – 309)  
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(7) DEP Depreciation expense [–] 136 
(8) NCE Net Capital Expenditure [–,+] – Δ(339) – 136 
(9) TXC Tax Charges [–,+] 154 – 625 
(10) TXP Tax Payments [–,+] TXC – Δ(–154 + 625)  
(11) INT Interest Charges [–] 153 
(12) NFF Net Financing Flow [–,+] INT –Δ(–1301 + 375) –Δ(–391 + 389 –376 –339) 
(13) EAR Earnings [–,+] 625 
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(14) NDV Net Dividend [–,+] EAR – Δ(–305) 

Note: The relationship between the accruals identity, the cash flow identity and the earnings identity is illustrated above 
using a Venn diagram. The numbering of variables from (1) to (14) provides the index for the parameters in the 
structural model. Given the focus on accruals, flows that indicate revenue (Cr) and cash payments (Cr) take a [–] sign, 
where flows that indicate expenses (Dr) and cash receipts (Dr) take a [+] sign. For those cases where debit and credit 
transactions may be offset, the net balance is shown here as [–,+]. For earnings EAR, this will be either a profit [+] or a 
loss [–]. For other variables which may take either sign, the offsetting components are as follows: NDV dividend 
distributions [–] less new capital contributions [+]; NCE new investments [–] less asset disposals [+]; NFF proceeds 
from issuance of debt, plus interest accrued [+] less debt repayments [–]; TXC tax charges [+] less tax rebates [–]; TXP 
tax payments [–] less tax refunds [+]; PRO other nonfinancial liabilities recognised [+] less cancellations [–]; SET 
settlement of other nonfinancial liabilities [–] less reimbursements [+]. Balance sheet changes between accounting 
periods are indicated by the first-difference time operator Δ. The selection of line items is based on the lowest level of 
data availability (i.e. for jurisdictions defined as ‘emerging markets’), which allows for the collection of a comparable 
information set. The Datastream items used in the computations are: 104 Total Sales; 136 Depreciation Expense; 137 
Operating Profit; 153 Total Interest Charges; 154 Pre-Tax Profit; 305 Equity Capital and Reserves; 309 Borrowings 
Repayable in Less than One Year; 322 Total Capital Employed; 339 Total Fixed Assets; 375 Total Cash; 376 Total 
Current Assets; 389 Total Current Liabilities; 391 Total Assets Employed; 625 Earned for Ordinary; 1301 Total Debt.  

Cash Flow Identity 
REC+PAY+SET+TXP+NCE+NFF+NDV=0 

Total Accruals Identity 
OPAC ≡ –FIAC 

Earnings Identity 
SAL+PUR+PRO+TXC+DEP+INT+EAR=0 


