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Designing Strategy Maps of Balaned Soreardby using Strutural Equation ModelingA. Saghaei a , R. Ghasemi b�, S. Ghasemi (a) Siene and Researh Branh, Islami Azad University, Tehran, Iran(b) University of Applied Siene and Tehnology, Shiraz, Iran() Shiraz Branh, Islami Azad University, Shiraz, IranReeived 19 April 2010; revised 11 August 2010; aepted 29 August 2010.|||||||||||||||||||||||||||||||-AbstratThrough 1980s, management aounting researhers desribed the inreasing irrelevaneof traditional ontrol and performane measurement systems. The Balaned Soreard(BSC) is a ritial business tool for a lot of organizations. It is a performane measurementsystem whih translates mission and strategy into objetives. Strategy map approah is adevelopment variant of BSC in whih some neessary ausal relations must be established.To reognize these relations, experts usually use experiene. It is also possible to utilizeregression for the same purpose. Strutural Equation Modeling (SEM), whih is oneof the most powerful methods of multivariate data analysis, obtains more appropriateresults than traditional methods suh as regression. In the present paper, we proposeSEM for the �rst time to identify the relations among objetives in the strategy map,and a test to measure the importane of relations. In SEM, fator analysis and test ofhypotheses are arried out in the same analysis. SEM is known to be better than othertehniques at supporting analysis and reporting. Our approah provides a frameworkwhih permits the experts to design the strategy map by applying a omprehensive andsienti� method together with their experiene. Therefore, this sheme is a more reliablemethod in omparison with the previously established methods.Keywords : BSC; SEM; Strategy map.||||||||||||||||||||||||||||||||{1 IntrodutionLimitation of �nanial data as the basis for deision making in organizations has beenreognized for a long time [8℄. Furthermore, the utility of non-�nanial data to improve�Corresponding author. Email address: ghasemi.r�uast.a.ir, Tel:(+98)9171028341215



216 A. Saghaei et al. = IJIM Vol. 2, No. 3 (2010) 215-229the deisions has been understood [22℄.This information led the researhers of the management �eld to fous on the inreasingirrelevane of traditional ontrol and performane measurement systems. Many researhershave tried to �nd a omprehensive performane measurement system. Kaplan and Norton(1992) invented the Balaned Soreard (BSC) that has beome both well known and(in various forms) widely adopted [15℄-[32℄. Aording to the researh study ondutedby Kaplan and Norton in 1990, the BSC an at as a ritial business tool for manyorganizations [27℄. It is developed to ommuniate the multiple linked objetives thatmodern ompanies must ahieve to ompete on the apabilities. BSC has at least thefollowing attributes (see [22℄, for details):1. A mixture of �nanial and non-�nanial objetives [15℄.2. Assigning measures to spei� strategi objetives { usually illustrated in tables withone or more measures assoiated with eah objetive [15, 16℄.3. A limited number of measures, numbering between 15-20 [16, 17℄.4. Clustering objetives into the following list of four perspetives:(a) Finanial(b) Customer() Internal proess or internal business proess(d) Innovation and learning or learning and growth [15, 16, 17, 18℄.5. Representing ausality [17, 18℄.However, the last attribute of BSC is a little ambiguous, i.e., in Kaplan and Norton'swork , the reader is referred to their earlier papers in 1992 and 1993 for the link betweenthe above-mentioned perspetives [22℄ and they do not disuss these links in the text. Inthe mid-1990s, BSC doumentations graphially revealed the relations among strategiobjetives themselves (rather than the measures) and ausality linking aross the perspe-tives toward key objetives relating to �nanial performane [22℄. The linkage as ourringamong measures and strategi objetives is illustrated in [17, 18℄, respetively. At �rst,diagrams showing linkages among objetives were alled \strategi linkage models," butmore reently they have been alled \strategy maps" [19, 20℄. The strategy map enablesmanagers at eah level of the organization to speify soreards that desribe the strategyas a set of ause-and-e�et relationships that an be tested and adjusted [1℄. It has beenemphasized that designing the strategy maps with learly established ausal links leadsto asading the understanding of strategy down through the organization. Therefore, allemployees are aware of strategi intent and the impat of operational ativities upon itsdelivery [10℄℄. To larify the meaning of a ausal model, in what follows, we examine anexample whih is given by Kaplan and Norton, 1996. Assume that we inrease employeetraining in produts, then they will beome more knowledgeable about the full range ofthe produts they an sell. If employees are more knowledgeable about produts, thentheir sales e�etiveness will improve, and if their sales e�etiveness improves, then the av-erage margin of the produts they sell will inrease. Suh if-then rules an be onsidered



A. Saghaei et al. = IJIM Vol. 2, No. 3 (2010) 215-229 217by ausal relations of a BSC mapping to tell the story of the strategy in a way that ismeaningful.Some researhers, suh as Malmi [25℄, expliitly stated that measurement systemswithout ause-and-e�et logi may also qualify as BSCs; however, a great number ofauthors onsider ause-and-e�et hains as a de�ning harateristi of the BSC onept [16,23℄, e.g., Atkinson interpreted Kaplan and Norton's ause-and-e�et logi as the esseneof their approah [3℄. Norreklit [28℄ writes: "The ause-and-e�et hain is entral to theBSC. The hain distinguishes the model from other approahes." Moreover, Hoque andJames [12℄ argue: \The use of a BSC does not mean just using more measures; it meansputting a handful of strategially ritial measures together in a single report, in a waythat makes ause-and-e�et relations transparent."In the past ten years, the BSC onept has suessfully di�used all over the world.However, in pratie, the implementation of BSC was not as suessful as expeted. Forexample, Lewy laims that 70% of soreard implementations fail [23℄. Critiisms of BSCwere reported in di�erent resoures suh as [25, 3, 28, 29℄. Various studies on the adoptionof BSC show that one problem enountered by many organizations is their inability todevelop a ausal model of their strategy [30℄. Malmi found that the adopters of BSC inountry-regionplaeFinland faed some diÆulties in developing a ausal model of theirstrategy and were unable to desribe their model well. In fat, the weakness of the linkslaimed was the reason for this shortoming [25℄. Similar studies on BSC adoption inountry-regionAustria and ountry-regionplaeGermany revealed that half of the ompa-nies onsidered did not develop a ausal model of their strategy [33℄. Davis and Albright'ssurvey [7℄ of the literature on BSC shows that 77% of the ompanies that adopt BSC inthe ountry-regionplaeUSA fail to develop a ausal model of their strategy.In spite of the importane of the ausal model in BSC, there is no spei� methodto help organizations to develop suh a ausal model [25, 33℄. Othman notied that inorder to implement BSC suessfully, de�nition and development of ausal links are ofhigh priority [30℄. Aording to his report, the problems experiened by those who didnot develop a ausal model of their strategy are more than the problems of those who did.Suh a development improves the outomes and failitates BSC implementation.It is important to note that the analyses and testing of asual relations are importantparts of strategy maps designing. To this aim, experienes or mathematial models suh asregression are usually used, see e.g., [5℄. Strutural Equation Modeling (SEM) is one of themost powerful methods of multivariate data analysis. SEM is an appliable statistial toolto test the relationships proposed in a parsimonious model. It has been proved that SEMfuntionality is better than other multivariate tehniques inluding multiple regression,path analysis, and fator analysis [34℄.Human and human related issues in management are very ompliated issues and onedependent variable may be an independent variable in other dependene relationships.Therefore, a method that an simultaneously examine a series of dependene relationshipshelps to �nd ompliated managerial and behavioral issues. Contrary to other statistialtools suh as regression, SEM enables researhers to answer a set of interrelated researhquestions in a single, systemati, and omprehensive analysis. This method is based onmodeling the relationships among multiple independent and dependent onstruts simul-taneously. This simultaneous analysis apability di�ers greatly from other methods suhas linear regression, LOGIT, ANOVA, and MANOVA, whih an analyze only one layer oflinkages among dependent and independent variables at a time. Moreover, SEM permits



218 A. Saghaei et al. = IJIM Vol. 2, No. 3 (2010) 215-229ompliated variable relationships to be expressed through hierarhial or non-hierarhial,and reursive or non-reursive strutural equations to present a more omplete piture ofthe entire model [6, 11℄.SEM has been used in BSC to test the relations between perspetives, but to the bestof our knowledge, there has been no published work whih uses SEM as in this artile.In fat, we will propose an approah whih inludes using SEM to understand, analyzeand test the relations among the objetives of the strategy map. In setion 2, the stepsof strategy maps design are addressed. This setion presents a framework whih helpsexperts to design the strategy map by applying a omprehensive and sienti� methodtogether with their experiene, whih ahieves a more reliable method. The e�etivenessof the method is illustrated by an example. Setion 3 will provide a desription of oursheme inluding a given example. Finally, we will onlude our work in setion 4.2 Steps for designing strategy mapsThe strategy map, whih is omposed of goals and related measures, is used to tell thestory of a business unit strategy using some asual relations. To �nd suh a strategy map,at �rst we should start our mission by a primary model design. Next, we use SEM indiesto �nd wether our model �ts olleted data. If not, we should improve the measurementmodel and then enhane the strutural model. However, in eah step we deide what todo using SEM generated indies for the model. These steps are presented in �gure 1. Wewill explain them in detail.

Fig. 1. Steps for designing strategy maps



A. Saghaei et al. = IJIM Vol. 2, No. 3 (2010) 215-229 2192.1 Finding a primary model and olleting dataTo establish a primary model, the reommendation of [16, 27℄ is to hold a meetinginluding senior managers. It is better to get an outside onsultant or trained failitatorto manage the session. Before the session, a opy of the most reent versions of themission, values, vision and strategy must be delivered to eah partiipant. To have ativepartiipation for all members, it is better to start with small teams. After reviewing thevarious objetives generated in smaller groups, they brainstorm to ome to onsensus onwhat objetives they feel should omprise eah perspetive. The team should attempt todetermine a strategy map in whih objetives aross the four perspetives appear to belinked in ause-and-e�et relationships.In the next step, we should test and modify the model using SEM. To do so, we mustollet suitable data and estimate the ovariane matrix. But, as Kaplan and Nortonstated, it must be taken into aount that gathering suÆient data to doument signi�antorrelation, relation, and ausation among BSC measures an take a long time { monthsor years [18℄-, espeially in large organizations. Therefore, over short terms, managers'assessment of strategi maps may have to be based on subjetive judgments.2.2 Using Strutural Equation ModelingLatent variables are the key variables of interest in any strutural study. We an observethe behavior of latent variables only indiretly and imperfetly. We onsider our strategiobjetives as latent variables and use manifest or observed variables{ that are atualmeasures and sores{ to ground our strategi objetives.Figure 2 illustrates a simpli�ed representation of a strategi map in whih strategiobjetives are represented as ellipses and their related measures are plaed in retangularboxes. The measurement model is the part whih deals with strategi objetives and theirindiators or measures, and the strutural model spei�es the strutures that ontainrelationships among strategi objetives.

Fig. 2. Simpli�ed representation of a strategi map



220 A. Saghaei et al. = IJIM Vol. 2, No. 3 (2010) 215-229Unlike �rst generation regression tools, SEM not only assesses the strutural modelbut, in the same analysis, also evaluates the measurement model. The ombined analysisof the measurement and the strutural model allows:1. Measurement errors of the observed variables to be analyzed as an integral part ofthe model, and2. Fator analysis to be ombined in one operation with the hypotheses testing.The result is a more rigorous analysis of the proposed researh model and, very often,a better methodologial assessment tool. Thus, SEM tehniques provide more ompleteinformation about the extent to whih the researh model is supported by the data thanregression tehniques [11℄. In the following two setions, we will propose some methodsand indies that an be used in designing a strategy map.2.2.1 Choosing a methodA variety of estimation methods have been used in SEM to indiate how losely theorrelation or ovariane matrix implied by a partiular set of trial values onforms tothe observed data, and thus to guide attempts to �nd best-�tting models. Eah of thesemethods has its own advantages. Three standard methods that almost all SEM programssupport are:1. OLS (or ULS)2. GLS3. MLEVarious riteria, also known as disrepany funtions, an be onsidered as di�erent waysof weighting the di�erenes between orresponding elements of the observed and impliedovariane matries. In matrix terms, this may be expressed as:F = (S � C)0W (S � C) (2.1)where S and C refer to the non-dupliated elements of the observed and implied ovarianematries S and C, arranged as vetors, respetively. W is a weight matrix and its di�er-ent versions yield di�erent riteria. For example, if W is an identity matrix, the aboveexpression redues to: F = (S � C)0(S � C) (2.2)This expression may be simpli�ed to other forms suh as:1=2 tr[(S � C)V ℄2 (2.3)and ln jCj � ln jSj+ tr(SC�1)�m (2.4)The larger the F, the worse the �t. An iterative model-�tting program will try tominimize F by seeking values for the unknowns whih make the implied matrix C as muhlike the observed matrix S as possible (for more details see [24℄).



A. Saghaei et al. = IJIM Vol. 2, No. 3 (2010) 215-229 221The maximum likelihood estimation (MLE or ML) is the most ommon method thatan be used for reursive and non-reursive models. But this method is not robust whendata are ordinal or non-normal (very skewed). As ordinal variables are widely used inpratie, it is helpful to note a rule of thumb that expresses disrete data (ategorialdata, ordinal data with values < 15) may be assumed to be normal if skewness or kurtosisis within the range of �1.0 (some use �1.5 or even 2.0) [35℄. In this paper, we use ULSto estimate indies. As Joreskog [21℄ emphasized:Although ULS is seldom used, it is quite robust (see Textsle, Balderjahn, 1985) anddeserves more attention. It does not require any distributional assumptions. It an be usedwith small samples even when the number of variables is large and when the orrelationmatrix is not positive de�nite for other reasons (for example, this might be the ase for amatrix of tetrahori or polyhori orrelations).2.2.2 Fit indiesAfter estimating a measurement model, given a onverged and proper solution, a re-searher would assess how well the spei�ed model aounted for the data with one ormore overall goodness-of-�t indies [2℄. The SEM program provides the probability valueassoiated with the hi-square likelihood ratio test, the goodness-of-�t index, and theroot-mean-square residual [14℄.If the null hypothesis is supported, the assumption of multivariate normality holds, andsample size is reasonably large, then both GLS and ML riteria will yield an approximate�2using the following multipliation relation:(N � 1)Fmin (2.5)The �2 test provides a useful basis for making deisions about the �tness of a model, orthe relative �ts of di�erent models. In a satisfatory �t,�2 � df that means p�value � 0:5.RMSEA1 is another index, whih is relatively insensitive to sample size. If we resale thenonentrality parameter, �2�df , by dividing it by N -1, we obtain a quantity d whih wean use to de�ne RMSEA: RMSEA =pd/df (2.6)Browne and Cudek [4℄ have suggested the following guidelines for interpreting RMSE:" Pratial experiene has made us feel that a value of the RMSEA of about 0:05 or lesswould indiate a lose �t of the model in relation to the degrees of freedom . . . . We arealso of the opinion that a value of 0:08 or less for the RMSEA would indiate a reasonableerror of approximation and would not want to employ a model with a RMSEA greaterthan .1."RMSEA and �2 are overall �t indies that we an use to test the �tness of our model(strategy map).We use another index, alled t-value, to test the signi�ane of individual paths. Wean onsider t-values higher than 1:96 to denote a strong ausal relation among variables.Hene, we an onsider those paths with t-values lower that 1.96 as weak paths whih anbe deleted if neessary.1 mean square error of approximation



222 A. Saghaei et al. = IJIM Vol. 2, No. 3 (2010) 215-229If we onlude that the �tness of our model is not satisfatory, a reasonable strategy isto try to �nd out why the model does not �t, and then hange it to �t better. We need tobe a bit areful here sine we are not only interested in �tting better to the urrent dataset. In fat, we need a real improvement in measurement or theory, not just a proedurefor dereasing hi-square (for more details see [24℄).2.3 Revising the modelWhen our model �ts poorly to some olletion of data, we should revise it. To do so, it isbetter to onsider two steps. The �rst step that is nearly always worth onsidering is toasertain to what extent the lak of �t resides in the measurement, and after modifyingthe model and �nding a satisfatory measurement model, we should test the struturalmodel (our strategy map) and modify it if neessary.2.3.1 Improving the measurement modelSuppose that there are problems in the measurement part of the strategy map. Inspet-ing the results of the on�rmatory fator analysis solution may give lues to the problem'snature. There are two main soures of diÆulty in the measurement models. First, someindiators may fail to reet the objetives they are supposed to measure. For example,they may have low fator loadings, or fator loadings of the wrong sign. One way ofdealing with a variable whih loads poorly is simply to remove it. However, the onse-quenes should always be onsidered before taking suh a step. One should determine ifthe remaining measures are oneptually adequate for de�ning the objetive.The seond main soure of measurement model mis�t is that measures may, to someextent, reet objetives other than the one they are intended to measure. If an indiatorin fat reets two objetives, but it is taken as a measure of one, and gives a zero pathfrom the other, there will be a mis�t. The model is now disrepant with respet to reality,sine the orrelations of this measure with others reet both aspets of it, but the modelassumes that only one aspet is present. Again, the hoie of whether to omit suh anambiguous measure or to allow paths to it from both objetives will depend on suhonsiderations as whether one has adequate measures of both without it (drop it) or not(probably keep it, although it may distort relations between the two objetives by bringingin a orrelation due to the spei� aspets of the measure) [24℄.A �nal possible strategy is to deide whether the measurement model is good enoughor not, despite a substantial �2, and go diretly into the strutural model. If one is in anexploratory mode, anyway, there is learly no obligation that all measurement problemsmust be resolved ompletely before any strutural problems an be addressed.2.3.2 Improving the strutural modelChanging a strutural model is hanging one's theory, and should always be done are-fully. To improve the strutural part of the strategy map, one an use the informationprovided by the �tting program to see whether existing paths are signi�antly di�erentfrom zero. If not, for example if the t-value is lower than 1:96, experts might onsiderdropping some of them from the model. Experts an also use modi�ation indies toimprove the �tness of the model. SEM model-�tting programs provide diagnosti india-tors that an be helpful in deiding whih additional paths from objetives to measures or



A. Saghaei et al. = IJIM Vol. 2, No. 3 (2010) 215-229 223other objetives might improve the �t of the model. These are alled Modi�ation Indies.What they do for you is tell you roughly how muh the �2 for the model will be improvedby freeing eah �xed path present in the model. One an look at modi�ation indies toget an idea what the e�ets on the �t would be if one were to add partiular paths. Butmodi�ations should not be made without areful onsideration of their impliations forthe substantive theory that the model is intended to reet. Suh a aution was empha-sized by a study by MCallum [26℄, who investigated the merits of a simple automatimodel-improvement strategy as follows: If a model does not �t, make the single hangethat most improves its �t. Repeat as neessary until a non-signi�ant %2 (desired �tness)is ahieved. Then, test for and delete any unneessary paths.Table 1Objetives and related measuresPerspetive Objetives MeasuresTR/F0: - Total revenue peramount of �naningF1: Finaning ratio TR/F1: Total revenue peramount of �naningFinanial AP/TR: Pro�tability pertotal revenue (from sales)F2: Return on sales AP/F Pro�tability peramount of �naningF3:Return on �naning (investment) TR/UV0 - Total revenueC1: Revenue generated by per UV0unique visitors (UV) TR/UV0 - Total revenueper UV0Customer MC - Marketing expenditureper unique visitorsC2: Marketing overage MS - Reah (% of usersaptured by a ompany)C3: Penetration (market share) TR/ME0 - Total RevenueI1: Revenue generated by per Marketing Expenditure.Internal Business Marketing Expenditure TR/ME1 - Total RevenueProesses per Marketing Expenditure.I2: Employee Produtivity1 EP1 - Revenue per EmployeeI3:Employee Produtivity2 EP2 - Pro�tability per EmployeeEDC - DevelopmentL1: Employee Development Expenditure per employeeLearning andGrowth Revenue generated TRADE - Total Revenueby development expenditure per development expenditure



224 A. Saghaei et al. = IJIM Vol. 2, No. 3 (2010) 215-2293 Numerial exampleIn this setion, we would like to illustrate the steps of the owhart in Figure 1 in orderto design the strategy map related to the data presented in [9℄. In the �rst step, we must�nd our objetives and measures whih are illustrated in Table 1. In step 2, we introduea primary strategy map, whih experts suggest through brainstorming. After alulatingthe ovariane matrix of the given data in step 4, we test the model. The model has beenestimated by unweighted least square method using LISREL 8:51.

Fig. 3. A primary modelFigure 3 shows the primary model and its orresponding indies. RMSEA = 0:07 andp� value = 0:11 show that our primary model does not �t.Eah objetive has at most 2 measures; therefore, as was stated , we skip steps 5 and 6and go to step 7, and try to �nd the problems in the strutural part of our strategi map.At �rst, we should ompare the orresponding t-value for eah relation against 1:97 to �ndstatistially non-signi�ant relations. The orresponding t-value for the relation betweenF1 and C1 is 0:96, whih is relatively low. Therefore, we an remove it. To test the modelin step 7, we run LISREL again. The revised model does not still �t the data. Lookingat the orresponding t-value of the relations, we an see that all of them are statistiallysigni�ant.Therefore, we use modi�ation indies to add (a) path/path(s) between some relations.As was emphasized before, this must be done arefully with the aid of experts. In eahstep, we add only one relation and, if neessary, we will add another in the next step.Looking at modi�ation indies, we an see the path from L1 to I2 is logially aeptable.In step 8, we test the revised model. The RMSEA value and other indies of the model



A. Saghaei et al. = IJIM Vol. 2, No. 3 (2010) 215-229 225show that the model is aeptable but there is a problem with the t-value of a relation.The orresponding t-value of the relation between L2 and F2 is �1:5, whih does notsatisfy the aeptable riteria. We an remove this relation from the model by onsideringboth theory and experiene.

Fig. 4. Final strategy map and related indiesThe �nal model is shown in �gure 4. Test results show that this model �ts the dataquite well. The RMSEA of the model is 0.0, whih indiates the aeptable �t of themodel. The �2 = 68:67 with degree of freedom = 71 and p � value = 0:55 suggest thatthe model annot be rejeted. SEM also provides some other helpful indies eah of whihhas some priority over others. As has been shown in Table 2, the orresponding values ofthese indies make us more ertain about the �tness of the model.The t-values of relations have been shown on arrows in Figure 5. As we an see, allt-values are between �1:97 and 1:97 and the model, therefore, reports on the strength ofthe relations among objetives. Considering Figure 1, we are now in the �nal step andthis is the time when experts an handle this model { whih is statistially aeptable {in using BSC in the organization.Table 2Fit indieIndies IFI CFI NFI NNFI RMSR AGFI RMSEAValue of the Model 1:00 0:93 1:00 0:90 0:13 0:87 0Aeptable Value � 0:9 � 0:9 � 0:9 � 0:8 � 0:0 � 0:9 � 0:05
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Fig. 5. Final map and t-values among objetives4 ConlusionReent studies have revealed that �nding the ausal relation among objetives and testingthem have a ritial role in strategi map design. In this paper, we suggested the useof SEM in designing strategy maps. In our proposed method, both fator analysis andhypotheses testing were examined in the same experiment.In omparison with previous tehniques, the proposed method provides more aurateand preise information. Moreover, as organization managers have reognized that theyneed to manage a shift from objetive methods to subjetive ones, our proposed methodwould at better than previous methods used to test or even �nd strategy maps.In the �rst step of our road map, the most vital objetives and their related measuresshould be delared, then we try to propose a basi model in whih there are ausal relationsamong some objetives. Next, using SEM, we generate some indies whih help us toanalyze the model. If the model does not �t the data, we will try to determine theproblem in the measurement part of the model and re�ne the measures, if neessary. Inthe next step, the strutural part of the model would be analyzed and, if neessary, therelations among objetives will be revised. In this step, one an use t-values to �nd theorresponding weak relations. The �nal model, whose �tness is statistially aeptable,



A. Saghaei et al. = IJIM Vol. 2, No. 3 (2010) 215-229 227an be used to implement BSC in the target organization.SEM-based tehniques require a greater number of data to generate more appropriateresults; i.e., we need to ollet more data before using these tehniques. Nonetheless, theadvent of information era fored organization leaders to provide enough data to provetheir quality enhanement. As a result of this proess, data requirements of SEM-basedtehniques would be satis�ed.Referenes[1℄ J. Ahterbergh, R. Beeres, D. Vriens, Does the balaned soreard support organiza-tional viability?, Kybernetes 32 (9/10) (2003) 1387-1404.[2℄ J.C. Anderson, D.W. Gerbing, Strutural equation modeling in pratie: a reviewand reommended two-step approah, Psyhologial Bulletin 103 (3) (1988) 411.[3℄ A.A. Atkinson, R. Balakrishnan, P. Booth, J.M. Cote, T. Groot, T. Malmi, H.Roberts, E. Uliana, A. Wu, New diretions in management aounting researh, Jour-nal of Management Aounting Researh 9 (1997b) 79-108.[4℄ M. W. Browne, R. Cudek, Alternative ways of assessing model �t, In K. A. Bollen &J. S. Long (Eds.), Testing strutural equation models (pp.136-162). Thousand Oaks,CA: Sage Publiations, 1993.[5℄ H. Bruno, Resoures that drive performane: an empirial investigation, InternationalJournal of Produtivity and Performane Management 54 (5/6) (2005) 340-354.[6℄ E.W.L. Cheng, SEM being more e�etive than multiple regression in parsimoniousmodel testing for management model testing, Journal of Management Development20 (7) (2001).[7℄ S. Davis, T. Albright, An investigation of the e�et of balaned soreard implemen-tation on �nanial performane, Management Aounting Researh 15 (2004) 135-53.[8℄ J. Dearden, The ase against ROI ontrol, Harvard Business Review (1969) 124{135.[9℄ S. Donkor, Performane Measurement in the eCommere Industry, M.S. Thesis,Faulty of Worester Polytehni Institute, 2003.[10℄ N. Evans, Assessing the balaned soreard as a management tool for hotels, Inter-national Journal of Contemporary Hospitality Management 17 (5) (2005) 376-90.[11℄ D. Gefen, D.W. Straub, M.C. Boudreau, Strutural Equation Modeling and regres-sion: Guidelines for researh pratie, CAIS, 4 (2000).[12℄ Z. Hoque, W. James, Linking Balaned Soreard Measures to Size and Market Fa-tors: Impat on Organizational Performane, Journal of Management AountingResearh 12 (2000) 1-17.[13℄ C.D. Ittner, D.F. Larker, Innovations in Performane Measurement: Trends & Re-searh Impliations, Journal of Management Aounting Researh 10 (1998) 205-238.
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