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 The experimental study evaluated performance of lightweight aerated concrete 

which incorporated various percentages of palm oil fuel ash (POFA) and pulverized 

fuel ash (PFA) as partial cement replacement and sand was replaced with bottom 

ash. Performance evaluation of the aerated concrete was done in terms of ultimate 

compressive strength, density and strength development. Twelve mixes were 

developed and tested at ages 7 and 28 days. In this experiment, two different curing 

regimes namely air curing and water curing were applied to monitor their effects. 

The results showed that the mixes produced by replacing cement with POFA and PFA 

could be compared with the mix without cement replacement. Furthermore, this 

study demonstrated that the cement- POFA-PFA based lightweight aerated concrete 

could be produced as lightweight non-load bearing concrete units, because hazard of 

ashes (POFA, PFA and bottom ash) might be a serious issue for human health. 

Disposal of ashes contributes to shortage of landfill space all over the world, 

especially in Malaysia. 

 

 

© 2013 AENSI Publisher All rights reserved. 

 

INTRODUCTION 

 

Industrial organisation (IO) of companies is often an important criterion for industrial economists studying 

an industry by looking at their profit making process. Companies differ in their financial success, partly because 

of differences in their environment and partly because of differences in the way they have adapted themselves to 

their environment. The ostensible purpose of classifying companies to industrial groups is to bring together 

companies operating in similar environments: an industrial grouping which fully achieved this objective would 

ensure that all variation between companies in the same industrial group could be attributed to the different 

managements having responded in different ways, and with varying degrees of success, to identical environment 

circumstances. 

Although the industry concept is part of everyday life, when one attempts to define an industry 

operationally, matters are not so simple. People usually group together all those firms that produce the same 

product or service, but this requires a definition of what constitutes the same product or service. All firms 

produce different products because the products of two different firms are produced at different geographical 

locations, but a definition yielding single-firm industries is too narrow for most purposes. In some sense, 

products and services are the same in that they compete for buyers’ purchasing power, but, again, a definition 

which yields a single economy-wide industry is too wide for most purposes (Needham, 1978).  

Therefore, the objective of our analysis is to re-cluster the 3-digit SIC industries according to profitability 

(profit), asset turnover (AT), the current ratio (CR) and stockholder’s equity (SE) to investigate whether 

members of each 2-digit group retain association after re-clustering. In addition, we use Latent Class (LC) 

cluster analysis to probe the appropriateness of the industry classifications in the SIC, a method which, to our 

knowledge, has not been used before for this purpose.  

The remainder of the paper is organized as follows: the next section introduces the related prior studies, the 

third explains different ways of classification, the fourth explains our cluster analysis approach, the fifth section 

gives the empirical results and the final section concludes. 

 

Literature Review: 

Allocating companies to industrial groups is, however, by no means easy in practice. According to Clarke 

(1989), an examination of an industrial organisation entails the study of similarities and differences between 

industries based on the structure of firm sizes within industries, the manner in which firms conduct their 

business, and their economic performance. He argued that it is essential that firms be divided into homogeneous 
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economic industries if such comparisons between industries, or within industries over time, are to be valid. He 

proposed a dummy variable model to test how well the hierarchical SIC separated groups of firms into 

economically distinct industries. He found that the SIC codes were more effective at dividing firms into broad 

industrial groups than at dividing firms into three- and four-digit segments to represent economic markets more 

closely. He also commented ‘until a more useful classification system is proposed and implemented, empirical 

IO research should be carefully evaluated to determine its sensitivity to the use of a possibly spurious 

classification system’ (p. 29). 

At the economy, industry, and firm levels, one would expect to find different income-influencing events, 

differences in their potential impact on different groups and differences in individual reactions to the events. 

Fertuck (1975) examined whether the appropriate level of aggregation for studying industry effects was the one-

, two-, or three-digit SIC codes. He found that ‘SIC codes provide a useful basis for creating an industry index in 

some industries, and in some industries the industry effect is trivial and can be safely ignored’ (pp. 847-848). He 

also reported that clustering by similarity in past returns did not provide an improved classification. 

Elliott et al. (2000) used cluster analysis and analysis of variance on the UK SIC and investigated whether, 

when data are aggregated from the fourth to the second digit, they are sorted into categories that can be equated 

meaningfully with industries. They justified for continuing with board SIC groups as a proxy for similarity in 

factor intensities. 

Therefore, the present study contributes to the limited literature in the area. This paper has taken a similar 

approach as Elliott et al. (2000) but instead of using the traditional cluster analysis, we employed the LC cluster 

analysis approach. The paper sheds new light on to this problem by addressing alternative means by which to 

adjudge whether or not an industry can be considered to be homogeneous. 

 

Ways Of Classification: 

Although the groupings employed by almost all authors have been the same, i.e. the SIC industrial 

classification, and the assumption has been made that classification by end product is a suitable technique for 

grouping in almost all studies (Wippern, 1966; Arditti, 1967; Clarke, 1989), a host of evidence exists that 

grouping by industries is not particularly suitable for most of the purposes for which it is employed (Elton and 

Gruber, 1971). There are two issues here: the levels of the classification such as 1, 2, 3, 4 and 5, where the lower 

level industry groups contain firms that are more heterogeneous, and even within a three-digit scheme where 

some industries will be more homogeneous than others. Therefore, the crucial point here is that both market 

share and, therefore, market concentration ratios (e.g. CR4 and HI) will be subject to measurement error if the 

total size of the market is incorrect.   

Measurement errors can be divided into two components: random error and systematic error (Taylor, 1982). 

Experimental uncertainties that can be revealed by repeating the measurements are called random errors; those 

that cannot be revealed in the way are called systematic. For example, we have to measure market share within 

an industry. However, there is the possibility that the industry has been incorrectly defined; and this source of 

uncertainty would probably be systematic. For example, if an industry is very heterogeneous and there is little 

actual competition between companies assigned to it, then the calculated market share measures for the firms in 

this industry are going to systematically underestimate companies’ market power. 

Furthermore, some big and established companies have diversified their investments into different 

businesses. Tew and Handerson (1959) pointed out that ‘the classification of large enterprises engaged in 

multiple activities according to their main activity must tend to blur the industrial outlines’ (p.14). For example, 

YTL Corporation Berhad is one of the largest companies listed on the Bursa Malaysia, its core-businesses 

include utilities (power supply and communication), operation and management activities, cement 

manufacturing, property development, hotels and resorts, technology incubation, construction contracting, real 

estate investment trust (REIT) as well as carbon consulting. 

Methods of grouping or classifying ‘similar’ entities based upon measured characteristics possessed by each 

entity appear in the literature under various synonyms, e.g. cluster analysis, grouping methods, classification 

theory, numerical taxonomy, and clump theory (Jensen, 1971).  

Classification techniques group similar objects. An important requirement of a classification scheme is that 

it considers the salient properties of objects. Such considerations may vary. Therefore, the characteristics 

deemed relevant and important depend on the task at hand; only the relevant characteristics can provide a 

meaningful profile of an object (Narayanaswamy, 1996). 

Table 1 summarises past studies that have attempted to group companies by homogeneous industrial 

characteristics, using different methods and financial ratios. Firm behaviour, or characteristics, are important 

aspects of industrial organisation. Problems regarding the classification of industries using economic data have 

been widely discussed. According to Weiner (2005), the central point of each classification is to determine a 

balanced aggregation of similar firms and differentiation between industries. Furthermore, financial analysts 

always argued that firms adjust their financial ratios according to industry-wide averages. 
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Table 1: Summary of the Methods and Financial Ratios used in Classification. 

Authors Methods Financial Ratios Results 

Farrell Jr. (1974) Stepwise clustering 

procedure, correlation 

matrix of stock return 

residuals, index procedure, 

and proportion of variance 

due to group factors 

Covariance of returns It was considered appropriate to assign a factor 

to the explanation of the variance of returns of a 

common stock additional to market, industry, 

and company, based upon a system of 

classification corresponding to (1) growth, (2) 

stable, (3) cyclical, and (4) oil stocks. 

Gupta and Huefner 

(1972) 

Cluster analysis Financial ratio average Differences found in ratio means amongst 

industry groups 

Jensen (1971) Cluster analysis Input characteristics and 

risk characteristics 

(1) Single-entity clusters in later stages of the 

clustering program contained mostly companies 

which performed ‘better-than-average’ in the 

post 1954-65 period, and (2) companies within 

given multiple-entity clusters performed ‘more 

alike’ ex-post in the 1954-65 period than 

companies clustered on the basis of a random 

technique. 

Pinches et al. 

(1973) 

Factor analysis  Financial ratios such as 

total income/sales, cash 

flow/total assets,  

EBIT/total assets, current 

liabilities/net plant, quick 

assets/total assets etc. 

Grouped financial ratios into seven patterns: 

return on investment, capital intensiveness, 

inventory intensiveness, financial leverage, 

receivables intensiveness, short-term liquidity 

and cash position. 

The results indicated that meaningful 

empirically-based classifications of financial 

ratios can be determined and that the 

composition of these groups are reasonably 

stable over time, even when the magnitude of the 

financial ratios are undergoing change. 

 

Sudarsanam and 

Taffler (1985) 

Multiple discriminant 

analysis (MDA) 

Operating scale, fixed 

capital intensity, labour-

capital intensity, 

 profitability, asset 

turnover, short term asset 

intensity, net trade credit 

and financial leverage 

There were significant differences between the 

14 Stock Exchange Industrial Classification 

(SEIC) industries considered, several appeared 

to be largely non homogeneous with respect to 

certain of their fundamental economic and 

structural characteristics. 

Gupta (1969) Inter-industry variations 

analysis 

Activity ratios, leverage 

ratios, liquidity ratios and 

profitability ratios 

1) Activity ratios and leverage ratios decreased 

with an increase in the size of the corporation, 

but they increased with the growth of the 

corporation; 2) liquidity ratios rose with an 

increase in the size of the corporation but they 

fell with growth rates, and 3) the growth rate and 

the profitability ratios showed no regular pattern, 

but the larger-sized corporations tended to have 

higher profit margins on sales than the smaller-

sized corporations (pp. 528-529). 

Lev (1969) Partial adjustment model Short-term liquidity ratios, 

long-term solvency ratios, 

short-term capital turnover 

ratios, long-term capital 

turnover ratios and return 

on investment ratios 

Financial ratios were periodically adjusted to 

their industry means. 

Rayment (1976) Analysis of variance Factor intensity such as 

value adder per head, 

wages and salaries per 

head, and non-wage value 

added per head 

He concluded that if total manufacturing had 

been disaggregated in the United Kingdom 

census into more than 144 separate branches, 

then the within branch variance of factor 

intensity at the 18 and 28 branch levels of 

aggregation may have turned out to be even 

greater. 

Bradley et al. 

(1984) 

Analysis of variance Average firm leverage 

ratios 

Leverage ratios were strongly influence by 

industrial classification. 

 

From an economics perspective, Mueller and Raunig (1999) used the long-run projected industry profit rate 

and price-cost-margins to determine industry homogeneity. The variable was generated using annual industry 

time series data over the period 1976-95 for 912 US manufacturing firms. Industries were separated into 

homogeneous and heterogeneous categories depending on whether the profit rates of firms within an industry 

converged on a common value or not. They found that both the long-run projected returns on assets for 

industries and the Bureau of Census price-cost-margins were well explained by variables usually included in 

firm performance models, in particular industry concentration, in ‘homogenous’ industries. On the other hand, 

few if any of the usual firm performance model variables were statistically significant in the regressions for 

heterogeneous industries. 
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Therefore, industrial economists are always interested in analysing a group of companies smaller, and more 

homogeneous, than any broad industrial group. The question is how are we going to classify the companies into 

more homogeneous group? Besides using the financial ratios, what are the other important indicators to 

determine a company grouping? Should companies be classified into industries using a single indicator or 

multiple indicators? 

 

Latent Class Cluster Analysis: 

Latent Class (LC) cluster analysis is a different form of the traditional cluster analysis algorithms. The old 

cluster analysis algorithms are based on optimisation according to some criterion, but LC cluster analysis is 

based on the probability of classifying the cases. An important difference between standard cluster analysis 

techniques (i.e. K-means, hierarchical) and LC clustering is that the latter is a model-based clustering approach 

which uses estimated membership probabilities to classify cases into the appropriate cluster. This means that a 

statistical model is postulated for the population from which the sample under study is drawn. More precisely, it 

is assumed that the data is generated by a mixture of underlying probability distributions. 

The two main methods to estimate the parameters of the various types of LC cluster models are maximum 

likelihood (ML) and maximum posterior (MAP). ML is based on the log-likelihood function derived from the 

probability density function defining the model. On the other hand, Bayesian MAP estimation involves 

maximising the log-posterior distribution, which is the sum of the log-likelihood function and the logs of the 

priors for the parameters. The advantage of MAP over ML is that the latter method can prevent the occurrence 

of boundary or terminal solutions, i.e. probabilities and variances cannot become zero (Vermunt and Magidson, 

2002, p. 96). 

LC clustering consistently recovers true structural groups where the traditional algorithms fail. LC cluster 

analysis is able to test the assumptions of local independence and equal within class variance, and to relax them 

if they are found to be invalid. LC clustering allows for variables to be nominal, ordinal, continuous, count or 

any mixture of these, any of which may contain missing values. Different scale types (i.e. ranks, partial ranks 

and discrete choice data) are handled by automatically specifying the appropriate distribution. LC cluster 

analysis also allows the inclusion of covariates for simultaneous parameter estimation (based on indicators) and 

descriptive profiling based on covariates. Other advantages of LC clustering are that it allows both simple and 

complicated distributional forms for the observed variables within clusters. This means that more formal criteria 

to make decisions about the number of clusters and other model features, as well as scaling/normalised of the 

observed variables, are not needed. Since LC is based on a statistical model, diagnostics are available to help 

determine the number of clusters. Table 2 shows the differences between the traditional clustering and LC 

clustering. 

 
Table 2: Differences between Traditional and LC Clustering 

Cluster method Adequate assumptions Allow for different 

scale types 

Covariate-based 

profiling 

Optimal determination 

of number of clusters 

K-means No  No  No  No  

Hierarchical No  No  No  No  

Latent Class Yes  Yes  Yes  Yes  

 

The model selection issue is one of the main research topics in LC clustering. The most popular set of 

model selection tools in LC cluster analysis are information criteria like Akaike information criterion (AIC) and 

Bayesian information criterion (BIC) as these statistics weight fit and parsimony by adjusting the log-likelihood 

(LL) to account for the number of parameters in the model. When comparing the models, the lower the value, 

the better the fit of the model to the data. In the next section, we use different financial ratios and LC clustering 

to group the companies into different class/cluster/segment. 

 

Results: 

Our data set consists of 416 manufacturing firms in Malaysia, drawn from the Central Bank of Malaysia for 

year 2010. Profitability (profit), asset turnover (AT), the current ratio (CR) and stockholder’s equity (SE) are 

used to group together companies which share similar characteristics. These four financial ratios are selected 

because they represent the firm from different perspectives, such as the quality of the firm in terms of its ability 

to generate gains or losses; its market liquidity towards debt payment; its efficiency towards investment and its 

net worth. Brief definitions of these financial ratios are presented in Table 3. 

 
Table 3: Financial Ratios Definition 

Financial ratio Definition Notes 

Profitability Measures the ability of a firm, or an investment to 

make a profit after costs, overheads, etc. 

Measured as earnings before interest, taxes, 

depreciation and amortization / total assets. 

Current ratio Measures whether or not a firm has enough resources 

to pay its debts over the next 12 months or an 

For most industrial companies, 1.5 is an 

acceptable CR. If CR<1, the company may have 
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indication of a firm’s market liquidity and ability to 

meet creditor’s demand. It compares a firm’s current 

assets to its current liabilities. 

problems meeting its short-term obligations. If 

CR is too high, the company may not be 

efficiently using its current assets and may be 

doing a poor job of investing it. 

Asset turnover Measures the efficiency of a company’s use of its 

assets in generating sales revenue or sales income to 

the company. It is calculated by dividing revenue or 

sales by assets. 

The higher the number, the better, although 

investors must compare a business to its 

industry. The higher a company’s asset turnover, 

the lower its profit margin tends to be (and vice 

versa). 

Stockholder equity Measures the ownership equity spread among 

shareholders. It is calculated as share capital plus 

retained earnings minus treasury shares. 

The individual investor is interested not only in 

the total changes in equity, but also in the 

increase/decrease in value of his own personal 

share of the equity. 

 

The correlation matrix in Table 4 shows that there is no bivariate correlation amongst the variables used. 
 

Table 4: Correlation between Indicators 

  Profit SE AT CR 

Profit 1 

   SE 0.0534 1 

  AT 0.1291 -0.0829 1 

 CR -0.0741 -0.0239 -0.212 1 

  

Table 5 sets out the existing group structure as defined for the manufacturing sector. Inspection of Table 5 

indicates that primary metal industry (SIC33) has the highest AT. SIC 37 (transportation equipment industry) 

which is comprised of many automobile firms has the highest SE. Lumber and wood products (SIC 24) has the 

highest CR and, chemicals and allied products industry (SIC 28) the highest profit rate. 

 
Table 5: Summary Mean of Two-Digit Industries for 2010 

  AT CR SE Profit 

SIC20 117.32 3.45 584.86 0.11 

SIC24 92.07 7.01 349.60 0.09 

SIC26 116.85 1.39 292.78 0.09 

SIC28 105.38 3.89 361.90 0.12 

SIC32 68.50 4.22 309.54 0.07 

SIC33 240.05 3.15 178.07 0.05 

SIC34 95.92 1.85 351.42 0.10 

SIC36 176.08 2.05 352.70 0.08 

SIC37 117.53 2.19 1357.22 0.10 

 

A LC cluster analysis, where the number of clusters is selected based on the lowest BIC value, clearly 

shows the four distinct groups (Table 6). However, the lack of standardisation means the vast majority of cases 

(46%) have been put into cluster one. Entering the variables singularly helps us obtain more evenly defined 

clusters. 

 
Table 6: BIC Values from LC Cluster Analysis 

  LL BIC(LL) Npar Class. Err. 

1-Cluster -2350.16 4742.469 8 0 

2-Cluster -2103.85 4297.244 17 0.1015 

3-Cluster -2023.56 4184.089 26 0.1573 

4-Cluster -1990.41 4165.201 35 0.2165 

5-Cluster -1971.51 4174.81 44 0.2406 

6-Cluster -1953.42 4186.043 53 0.2668 

7-Cluster -1932.84 4192.295 62 0.2756 

8-Cluster -1917.67 4209.351 71 0.2896 

9-Cluster -1912.69 4246.813 80 0.272 

10-Cluster -1899.05 4266.932 89 0.2676 

 

 

The next step is to examine the existing composition of the 2-digit manufacturing sector on which to base 

our forced clustering structure (see Figure 1). The two largest groups are SIC 20 and SIC 28 with 9 and 8 

industries, respectively, followed by medium-to-high groups that contain 7 industries and medium-to-low 

groups that contain 5 or 6 industries. The remainder average 3 or 4 industries. The mean group size is 6. 
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Fig. 1: Number of 3-Digit Industries in 2-Digit Groups 

 

For direct comparison we present in Figure 2 the LC cluster analysis results at the 9-cluster level using the 

four financial ratios, namely AT, CR, SE and Profit variables. This is just one of the clustering sets that have 

been generated. Interestingly, the cluster pattern generated using the LC cluster analysis is quite similar to the 

one in Figure 2. At this level, the largest cluster is group one, followed by groups two and eight (medium-to-

high), groups four, five, seven and nine (medium-to-low), and groups three and six (low). As the LC clustering 

continues, these groups become more defined until the four clusters predicted from Table 6 begin to exert 

themselves. 

 

 
Fig. 2: Latent Class Cluster Analysis with 9 Clusters 

 

In order to justify the above findings, we investigated and compared the composition of the firms between 

each SIC two-digit and the LC groupings. Table 7 shows the percentage of the companies overlapping in the 

two different classifications. We found that the overlap between the two classifications is very high (except for 

SIC 37) but they do not necessarily belong to the same SIC three-digit branch. 

 
Table 7: Percentage of Companies Overlapping between the Two Different Classifications 

SIC % of companies overlapping in the two groups LC 

SIC 20 100% Cluster 1 

SIC 24 88% Cluster 2 

SIC 26 92% Cluster 3 

SIC 28 95% Cluster 4 

SIC 32 86% Cluster 5 

SIC 33 95% Cluster 6 

SIC 34 93% Cluster 7 

SIC 36 94% Cluster 8 

SIC 37 65% Cluster 9 

 

Table 8 shows the mean for AT, CR, SE and profit rate for the 9 LC groups. When compared with Table 5, 

the mean does not change much except for Cluster 9, especially the SE which dropped from 1357 to 229. As 

expected, this is the group which we would expect to be problematic because it contains only 65% of 

overlapping companies when compared to SIC37. For this group, a few large automobile companies (e.g. Proton 

Holdings, Tan Chong Motor, DBR-HICOM) which are grouped in SIC37 are not classified into Cluster 9. 

These results give us some insights into the SIC groupings and demonstrate that there is some justification 

for continuing to work with broad SIC groups as proxies for similarity in the four financial ratios used in the 

study. Hence, three-digit SIC industries do appear to have an economically meaningful basis. However, 

although statistically correct, it is apparent from examining the three-digit data in detail that different production 

structures are grouped together by the SIC at the two-digit level. Nevertheless, the evidence reinforces the need 
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to work at as high a level of disaggregation as possible and to investigate further the possibility of re-classifying 

the data according to financial ratios using LC cluster analysis. LC analysis is considered to be an improved 

cluster analysis tool insofar as it uses statistical (rather than mathematical) methodology to construct the results. 

 
Table 8: Mean for AT, CR, SE and Profit Rate for the LC Classifications 

  AT CR SE profit 

Cluster 1 117.32 3.45 584.86 0.11 

Cluster 2 105.35 4.29 320.80 0.11 

Cluster 3 127.41 1.32 156.97 0.10 

Cluster 4 112.27 3.37 221.10 0.13 

Cluster 5 71.98 3.87 270.10 0.07 

Cluster 6 240.05 2.11 191.62 0.07 

Cluster 7 106.56 1.83 289.58 0.10 

Cluster 8 180.04 1.85 340.40 0.08 

Cluster 9 119.11 1.79 229.89 0.12 

 

Conclusion: 

Our focus in this paper has been on the Malaysia SIC manufacturing sector. We investigated whether, when 

data are aggregated from the third to the second digit level, they are sorted into categories that can be equated 

meaningfully with industries using latent class cluster analysis. This is a complementary method and it gives 

some reassurance to the extent that differences between two-digit groups are greater that differences within 

them. However, it also revealed, as one would expect, that there is a degree of coarseness in this classification 

system and therefore it should always be used with care. As for the SIC, our results suggest that the system of 

classification used is economically more meaningful than many previous researchers have feared. Our finding 

support Clarke’s (1989) finding that SIC codes were more effective at dividing firms into broad industrial 

groups. 

The importance of LC cluster analysis is that it does not rely on the traditional modelling assumptions 

which are often violated in practice (e.g. linear relationship, normal distribution and homogeneity). In other 

words, the LC cluster model develops a segmentation of firms based upon the types of characteristics they have. 

The SIC is often used to divide firms into homogenous markets and firms classified into the same (n+1)-digit 

SIC are thought to be more homogeneous than firms sharing only the same n-digit SIC. The implications from 

the LC cluster analysis results showed that the SIC system seems to be more effective at dividing firms into 

coarse industrial groups than at dividing firms into finer there, four or more digit segments thought to more 

closely represent economic market. Latent class models, therefore, offer researchers an additional tool which to 

investigate industry homogeneity and they remain, at the time of writing, under utilised in empirical industrial 

organisation work. 

The limitations of this research have to be kept in mind when interpreting the results of this study. First, is 

the availability of data, in particular the level of disaggregation which is arguably insufficient in the data set 

employed but was all that was publically available to conduct the work. In addition, we only look at large 

enterprises for the year 2010, and future researchers may want to extend this study by including small and 

medium sized enterprises and a longer time period to see if the model results are robust when additional years of 

data and a broader sample of firms are used.  

Recent development (e.g. Ellison et al., 2010 and Delgado et al., 2012) is including geographical clustering 

at the industry level. Geographic clusters spur information creation, dissemination and learning. It believes that 

firms those are located in the same industry and geographic area are sharing similar characteristics, furthermore 

their financial ratios and firm performance. Two firms that are economically similar may not experience strong 

return covariation over short horizons, however. Future research might need to control this variable when 

analyse industry classification. 
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