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(ABSTRACT) 

Nonparametric data envelopment analysis (DEA) models were coded and used to 

measure radial and non-radial technical efficiency for a sample of logging contractors. 

Firms were evaluated in regards to the efficiency with which they converted inputs - 

dollars of capital, consumables, and labor - into output - tons of wood. Overall, for the 

period between 1988 to 1994, the logging contractors were efficient, but some were 

considerably less efficient than their peers. Loggers tended to move from period of high 

efficiency to period of lesser efficiency, although some were considerably more stable 

than others. 

Of those contractors who displayed the most stability in regard to technical efficiency, a 

majority could be considered as enjoying a preferred-suppliers status. Of the least stable 

loggers, none were identified as operating under a preferred-suppliers agreement. There 

was strong evidence that low capacity utilization had a negative impact on technical 

efficiency, quarters when capacity utilization was high were more likely to have a high 

technical efficiency ratio than quarters with a low capacity utilization. Operating scale



also influenced technical efficiency. For the sample, the most productive scale size 

(mpss) was estimated to be somewhere between 60,000 to 80,000 tons per year. Up to 

that size, increasing return to scales were observed, afterward decreasing returns to scale 

settled in. Approximately one quarter of all inefficiencies were scale related. 

The relationship between overall technical efficiency and unit and total margin was 

explored using scale efficient loggers (pure technical efficiency). For these observations 

the mpss corresponded to the point of minimum average cost. Loggers producing at a 

size below the mpss could increase total and unit margin by increasing production. Once 

past the mpss, loggers could decrease their unit margin but still increased their total 

margin up until marginal costs equaled marginal revenue. The rate paid by a 

procurement organization influence the size at which loggers can produce profitably, and 

determine the level of production elasticity available. 

Key words: Forest Harvesting, Logging, DEA, Efficiency.
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Chapterr1 INTRODUCTION 

1.1. The Need for Efficiency Measurement 

Organizations must strive for efficiency to survive and grow in today's highly competitive 

business environment. Firms must carefully plan their quest for efficiency if they are to 

be successful. Also, adequate measurement and evaluation tools must be used. This was 

best emphasized by Drucker (1980), who said that "without productivity objectives, a 

business does not have direction. Without productivity measurement, it does not have 

control." In forest operations, performance is frequently rated on the basis of common 

sense or past experience (Sundburg and Silversides 1987). While this approach is 

sufficient in many instances, the complexity of today’s systems is such that a more 

precise method must be applied when accurate measurements are needed. 

The total cost per unit produced has long been the most frequent single-factor measure of 

performance in forest harvesting. Performance assessments of logging contractors have 

traditionally been based on their ability to deliver wood at the lowest price. Significant 

differences in wood costs between producers are often attributed to physical factors such 

as timber, soil conditions, and weather. Although there is little doubt that these factors 

contribute to variability in production costs, areas such as management skills, 

procurement policies, and economies of scale have largely been neglected. The 

American forest industry has been slow to change its evaluation criteria and adopt better 

measures of logging performance and productivity. It is hypothesized that the single- 

factor criterion of cost-per-ton, a measurement widely used to compare contractors’ 

performance, is at best an incomplete measure of efficiency. 
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It is also hypothesized that in several procurement areas institutional barriers greatly limit 

the level of efficiency which loggers can achieve. Accurate measures of efficiency are 

important to document the source and impact of these institutional barriers. Once 

documented, best practices and innovations may spread to other regions and lead to 

widespread improvements in efficiency. 

1.2. Terminology 

A clear understanding of what is meant by efficiency, effectiveness, and performance is 

necessary before any measurements and comparisons are performed. Askin and 

Standbridge (1993) define effectiveness as doing the right task, and efficiency as doing a 

task right. To go a step further, a system is efficient when it transforms input resources 

into outputs with minimal waste, i.e., it seeks to achieve "more for less" (Golany and 

Tamir 1995). A system is only effective when it transforms input resources in desired or 

purposeful outputs. Finally, performance can be defined as performing the right task 

efficiently. For their part, Sink and Tuttle (1989) maintain that system performance “is a 

function of the complex interactions between seven criteria.” These criteria are 

efficiency, effectiveness, quality, productivity, quality of work life, innovation, and 

profitability. Efficiency, the focus of this study, may or may not carry the same weight as 

the other six. 

As it applies to this study, performance is measured as a logging contractor's ability to 

efficiently deliver wood fiber - an output - at a competitive price, while complying with 

all corporate and governmental regulations. This definition may seem less 
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comprehensive than Sink’s. Nonetheless, it provides a minimum basis on which a broad 

range of southern procurement managers may agree upon. 

The resources used by loggers to cut and deliver wood fiber are referred as inputs. A 

measure of Technical Efficiency (TE) can be obtained by taking the ratio of all outputs 

produced to all inputs utilized (Eg. J./). 

Output 
Fq. 1.1 TE = 

Input 
  

Technically efficient loggers will attempt to minimize waste by either striving to 

maximize output for a given level of input or, alternatively, to minimize input for a given 

level of output. TE can therefore be measured in an input minimization or an output 

maximization orientation (Lovell 1993). 

There are two reasons for this research to focus primarily on technical efficiency. First, 

efficiency is a prerequisite of operational performance. Second, it is one of the most 

objectively quantifiable dimensions of performance, therefore making it relatively easy to 

be agreed upon. 

1.3. Benchmarking Technical Efficiency 

In recent years, forest operations in the southeastern United States have become a 

benchmark of efficiency in several regions of the world (Petit 1995). Forest research 

organizations across Europe and Canada are attempting to identify practices that have 

benefited the southern wood supply system, which could be adapted to suit their own 
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environment. Being in a class of its own, it is hypothesized that the southern forest 

industry’s' best approach to further improve efficiency is through benchmark 

identification within its own components. 

A benchmarking analysis requires detailed operational information on the units to be 

studied. Extensive cost and production information was available from a sample of 

logging contractors in the southeastern United States. This data base arguably represents 

the most comprehensive business survey of independent logging contractors in the United 

States. 

While challenging, collecting the cost information is not an end in itself. A protocol must 

be developed to extract information that may lead to a better understanding of what 

contributes to a contractor's success or failure. This research attempts to provide such a 

methodology by focusing, as a first step, on technical efficiency. 

Technical efficiency can be approached from three different levels. At the first level are 

the logging contractors, the building blocks of this research. Each contractor in the study 

group provided an opportunity to evaluate the factors affecting technical efficiency in an 

industrial forestry context. Individual contractors, when grouped, inherently define the 

efficiency of a procurement area, the next level. 

Contractors can be grouped within a procurement zone, or by their operational strategies. 

Efficiency trends in these sub-groups may yield information about the influence of a 

specific managerial philosophy on the technical efficiency of loggers. 

The opportunity to evaluate the efficiency of the southern logging industry as a whole 

presents itself, if enough loggers from various parts of the South are included in the 

analysis. It is conceivable that a sample-wide trend could be linked to an industry-level 
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policy. How individual efficiency scores are distributed may also provide information on 

industry-wide performance. For example, once identified, the most efficient units may or 

may not be strikingly above the rest of the contractors. If they are, it may either indicate 

that some loggers are super-performers, or that a majority of loggers are under par. A 

high median efficiency paired with few low efficiency producers may be indicative of a 

stable industry. A high level of variation between individual efficiencies could indicate 

an industry in transition or reorganization. Knowledge of the industry-wide efficiency 

level may give managers insight on how the logging force may respond to corporate level 

policies. 

Decisions taken at one level are likely to influence the efficiency at the other levels. If 

only for this reason, the relationship among the three levels is worthy of analyzing. 

1.4. Project Objectives 

In recent years, it has appeared that significant gain in efficiency could come from a 

better understanding of the “soft” components of the wood supply system. Those soft 

components are known to include such things as capacity utilization, contractor’s zeal, 

procurement organization’s philosophy, and governmental regulation. 

A wealth of cost and production information has been collected on logging contractors 

throughout the southeastern United States during this and previous projects. As several 

years of data were available, it became clear that a protocol had to be developed to 

efficiently consider as much of the information as possible. 
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Thus, this study has two main objectives: 

1) To develop an approach and an analysis tool that would properly assess 

costs and production information and compute technical efficiency ratios. 

2) To shed light on some of the "soft" components which contribute to 

technical efficiency and business performance and increased the 

understanding of the logging contractors business environment. 

In addition to these objectives, it is important to go beyond the mathematically generated 

results obtained with the models. The literature is filled with models and applications 

that did not contribute beyond the academic circle because the results were not analyzed 

in an operational context. Efforts are made throughout the analyses to relate the results to 

the field level by providing examples of how a specific action/condition impacted logging 

efficiency. 

1.5. Plan of the Dissertation 

The topic of efficiency measurement has generated a vast array of articles in the popular 

and scientific press. An overview of the most pertinent works as they relate to this 

research is provided in Chapter 2. The data collection procedures and the models are 

described in Chapter 3. The results of the models are presented in Chapter 4. Trends and 

analyses of the relationship between technical efficiency and the economic environment 

are included in Chapter 5. In Chapter 6, the characteristics of efficient loggers are 

discussed, and the link between profits and efficiency is explored. Chapter 7 includes 

suggestions and insights on how efficiency could be enhanced. Conclusions and 

suggestions for further research are stated in Chapter 8. 

Chapter 1. Introduction 6



Chapter 2 LITERATURE REVIEW 

2.1. The Need to Measure Performance and Productivity 

Why bother with measuring efficiency? After all, as stated by Tulkens (1993), in a 

perfectly competitive environment, inefficient units will eventually be eliminated through 

Darwinian selection, and more efficient practices should spread throughout the market. 

Unfortunately, perfectly competitive environments are rare. More often markets are 

tainted by policies and procedures that allow inefficiencies to be tolerated or worse, go 

undetected. As suggested by Farley (1996), there are two common barriers to more 

efficient contracting markets: the cost of change, and poor communication channels. 

The procedures suggested in this research project must help decision makers detect the 

sources of inefficiencies, estimate their impact on wood supply systems, and identify 

strategies developed by loggers and procurement managers to reduce their negative 

influence. It may also act as an information carrier to spread efficient behaviors into 

areas where they could apply. 

Performance and efficiency can only be measured using some kind of standard or a priori 

knowledge about the system's capacity. Two methods exist to define a performance 

standard. First, a standard can be computed by assuming that the technology is fully used 

to its designed capacity. This is sometimes called "the blue print engineering 

specification" (Triantis 1994). This approach can become extremely complex for large 

systems and yield unrealistic results if factors are left out or inaccurately estimated. A 

second and more experimental approach attempts to define a "best-practice" frontier 
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using observed costs and production data. Because the best-practice frontier is based on 

ex post facto observations collected from similar operations (Banker et al. 1984), one 

really measures relative efficiency, i.e., a measure based on peer operations rather than a 

technical standard. In most cases the frontier method is much easier than the blue print 

engineering approach, and in the long run, if enough data is collected, will yield similar 

results. 

The best-performance practices must be defined in accordance with the system's strategic 

goals. In a logging environment, shorter term tactical planning by the logger or the 

procurement organization can either interfere or contribute to the achievement of strategic 

goals. Random factors such as weather, product, and market variations may also add to 

the system's performance irregularity. It is essential to account for all these factors when 

measuring performance. The proper benchmarking methodology should pick up the 

efficient practices among all other observations. It should also yield enough flexibility to 

account for "circumstantial" performance caused by uncontrollable factors. Similar to 

control charts. the approach must be a "flagging" methodology that can be applied to 

identify outliers and peripheral observations among all the technical efficiency scores. 

Once identified, these observations can be studied to learn more about what contributed 

to positive and negative performance. 

Three distinct approaches can be used to compute technical efficiency: ratio analysis, 

parametric frontier functions, and Data Envelopment Analysis (DEA). The next sections 

present each method, and attempt to establish their relevance for a wood supply system 

performance analysis. The first two approaches are grouped under the heading 

‘Traditional Techniques to Measure Efficiency,” while DEA is presented in a separate 

section. 
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2.2. Traditional Techniques to Measure Efficiency 

2.2.1. Ratio Analysis 

Documenting tradeoffs between cost centers within a logging business is a basic and 

simple method to learn more about a logging operation. Loving (1991) used vector 

diagrams to evaluate tradeoffs between system inputs and to learn more about 

management strategies. Both loggers shown in Figure 2.1 are cost competitive; the 

average production cost per ton in 1989 for contractor 101 was $8.67, while it was $8.29 

for contractor 301. It can be seen, however, that their cost distribution is different; 

logger 101 is spending proportionally more on labor but less on equipment and 

Consumables than logger 301. 
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Figure 2.1 Vector diagram of tradeoffs for two loggers (Loving 1991, p.91) 
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Vector diagrams are useful to make comparison between loggers, to highlight different 

business strategies, and, when sufficient data is available, to make comparisons through 

time to follow a single logger's adaptation to technical or business changes. For example, 

a constant decrease in capital from one time period to the next could mean that the logger 

is reinvesting outside the logging business, potentially with the intent of "getting out." 

The procurement organization should be sensitive to such changes because it may result 

in the permanent loss of a supplier. However, cost structure alone is neither the most 

discerning method to quantitatively describe a logger's financial situation, nor very useful 

in suggesting more efficient practices. Much may be gained by coupling cost with 

production, for example. 

It is relatively easy to compute ratios that reflect the efficiency with which a firm 

converts key inputs into useful outputs. Simple in nature, the ratio approach gets 

complex whenever several inputs are used to produce more than one output, or when 

comparisons between production units must be made. Indexing factors must be 

computed to compare on an equal basis production units pertaining to different time 

period, scale of operation, or market environment. It is often necessary to have price 

information to compute the index factors. 

Productivity gains or losses in a profit-making enterprise are accounted via the price 

system (Sink, 1985). Consequently it appears reasonable to use money value, or more 

specifically, prices and costs, to compute efficiency standards. In itself, the net profit 

measure is an incomplete indicator of performance. Information on how efficient labor, 

material, and energy were utilized is necessary to provide insight on whether the process 

can be improved. 
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The MultiFactor Productivity Measurement Model (MFPMM) developed by Sink (1985) 

is an approach that considers price and quantity in the analysis of efficiency. This method 

allows management to make productivity improvement decisions, in terms of cost 

reduction, for the high-priority inputs. Most of all, this approach has the merit of linking 

efficiency to profitability, which is always appealing to managers. The model holds 

constant prices and costs over time by indexing them to a base period. Indexing to a 

common base period removes the variability introduced by using dollar value. Using a 

base period as a performance reference, the MultiFactor model computes indexes that 

reflect changes in prices, costs, and values. These indexes, through their respective 

weight, can serve to identify good operating practices with regard to technology 

innovation, resource substitutions, resource quality, and employee skills development. 

Limitations in loggers' accounting procedures make it difficult to affix unit price to 

production inputs. In other words, it is seldom possible to match a unit price for each 

tire, gallon of fuel. foot of hydraulic hose, and so on, consumed by the operation. A total 

value in dollars is often the most detailed level of information obtained for a given input, 

and therefore no price recovery index can be computed. In addition, wood prices paid to 

a logger for all the products, from all the tracts harvested in past years are difficult to 

document. 

The shortage of information at the firm level would make difficult to account for 

environmental, managerial, and scale differences between logging contractors with a 

ratio-based methodology. A comprehensive efficiency analysis must account for all the 

important factors involved. Yet, efficiency measurement methodology must enable the 

analyst to focus on the most significant observations. 
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2.2.2. Multiple Regressions and Stochastic Frontiers 

Regression analysis procedures, when applied to efficiency measurement, are often 

referred to as "average methods" because an average level for the dependent variables is 

estimated from the independent variables (Thanassoulis 1993). The estimated average 

parameters are the standard on which efficiencies are computed. 

With the parametric approach, a well-behaved neoclassical production function is used to 

predict the performance of a system along a given vector of inputs (Triantis 1990). Such 

a function is statistically generated from observed production relationships. A regression 

analysis is performed on the production function, often a log-linear, to obtain the shape 

and location of the isoquant. The function can be moved to envelop all observed output 

points simply by adding the maximum negative (or positive) residual (Figure 2.2). The 

difference, or distance, between an observed output (input) level and the value predicted 

by the regression function is used to estimate relative efficiency. Since the function was 

displaced to accommodate the largest residual and envelop all observations, only one data 

point per system is expected to have full efficiency. 
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Figure 2.2. The regression function before (1) and after (2) it is moved down by 

adding the maximum negative residual to define the standard of full 

efficiency. 

The distance between an observation and the regression function obtained by reducing 

inputs | and 2 proportionally provides a measure of radial efficiency. It is often 

important to appraise the individual contribution or partial efficiency of each factors 

when several inputs and outputs make up a process. 

The partial efficiency of a given factor can be computed using the actual output, the 

actual input levels of the other factors, and the technical standard (the function). Partial 

efficiency helps identify the causes of poor performance as well as potential areas of 

improvement. A partial efficiency measure becomes critical when certain inputs are fixed 

or difficult to adjust. A conventional example would consist of a firm using labor and 

capital to produce a given output. Assuming labor is fixed, the management would need 

to know how much efficiency can be improved if only capital can be adjusted. 

Efficiency results obtained from regression analysis are transparent, can be easily 

communicated to managers (Thanassoulis 1993), and provide reliable information. For 
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example, the corrected ordinary least square method (COLS) was found by Banker et al. 

(1993) to estimate with accuracy efficiencies in samples having 50 observations or more 

following a classical distribution. But while conceptually simple, the full-frontier 

statistical approach requires the user to determine the parametric specification of a 

production function. The result is a performance standard based on average behavior that 

may have been influenced by outliers (Thanassoulis and Dunstan 1994). 

The mathematical abstraction, the efficiency standard, must describe how production 

units combined their inputs to produce outputs. This can prove very difficult, especially 

when working with a small sample size or non-conventional distribution. For samples 

smaller than 50 characterized by non-normal inefficiency distribution, DEA, a 

nonparametric approach, always provides more accurate efficiency estimates than the 

parametric competitors even for samples with high measurement errors (Banker et al. 

1993). 

The incapacity of the multiple regression method to decompose deviations into technical 

inefficiencies and measurement errors (Banker et al. 1993) makes it difficult to identify 

the source of inefficiency (Seiford and Thrall 1990). Recent developments have 

corrected some of these shortcomings. For example, FRONTIER, a computer model 

developed by Coelli (1994) computes a stochastic frontier and provides an error term 

with two components: random effects and technical inefficiency. 

Another major disadvantage of most parametric approaches is that only single output 

situation can be analyzed without tedious computational procedures (Kao and Yang 

1991). DEA, can handle multiple input/output cases through a relatively simple 

computational method, while providing insights on the cause and extent of inefficiencies. 
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2.3. Data Envelopment Analysis 

Data Envelopment Analysis (DEA) is a technique used to measure the relative efficiency 

of production units using similar technology and performing similar tasks. Essentially 

working as a boundary method, DEA deems efficient all observations which are not 

dominated by other observations (Thanassoulis 1993). Performance is measured in 

relation to efficient rather than average observations; the efficiency of each observation 

in a data set is rated based on the efficiency of the other observations included in the 

analysis. DEA estimates the level of waste in input utilization and the shortfall in output 

production relative to similar transformation units (Kao 1994). The sources of 

inefficiencies are identified by showing which resources could have been used more 

efficiently (Thanassoulis 1993). 

Charnes, Cooper, and Rhodes, through their 1978 landmark article, first established DEA 

as a powerful method to measure relative efficiencies via a linkage of the engineering and 

economic approaches. The authors’ initial interest was in distinguishing between 

inefficiencies related to the production technology with those due to managerial policies. 

This is made possible by DEA's ability to extend the engineering ratio approach, which 

was limited to single-input, single-output analysis, to multi-input, multi-output cases 

(Seiford and Thrall 1990). In its simplest form, DEA provides the analyst with a single 

value that quantifies the technical efficiency of an observation. 

Performance is benchmarked against the best performers within a given organization or 

industry. It is argued that an outward comparison which focuses on the best-practice 

competitors is more beneficial than an introspective search focusing on small marginal 

gains within the unit (Thompson et al. 1994). This type of benchmarking procedure was 

initiated, among other places, in Israel and Texas to identify best-practice utility 

companies (Golany et al. 1994). In those applications, DEA revealed itself as a practical 
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auditing tool that could account for quantitative and qualitative inputs and outputs 

associated with power generation. A company can also be evaluated in reference to itself 

in a time series procedure if sufficient data is available. This research is intended to 

conduct both inward benchmarking, by focusing on efficiency changes in time for a given 

contractor, and outward benchmarking, by comparing efficiency between contractors. 

DEA uses linear programming methods to compute a convex hull that envelops all 

production data points and is referred to as the empirical production function (Ali and 

Seiford 1993) since it is based on actual observations. In this study, each yearly or 

quarterly resource usage report from contractors constitutes an observation and is referred 

to as a decision-making unit (DMU). 

Unlike the least square or stochastic regression approaches, which are based on average 

or most likely performance level, DEA is a boundary method; performance standards are 

computed based on the best performing units. Not requiring a functional form of the 

frontier and making no assumption regarding the inefficiency distribution are two of 

DEA's advantages over most parametric methods. These two important characteristics 

make DEA a robust evaluation method and allows it to accommodate "wide-ranging 

behavior in application" (Banker et al. 1993). But because DEA results are based on 

individual DMU, they can be greatly affected by inaccurate measurement at the DMU 

level. In contrast, efficiency ratios obtained from regression analysis are less sensitive to 

extreme observations since the evaluation standard is based on an average. 

Because DEA is an extreme-point method with which the better performing units 

compose the efficiency envelope, great attention must be placed on whether or not an 

observation should be excluded from the data set. The analyst must be especially 

concerned with observations on or near the frontier. Any measurement error or bias on 

one or several of these observations could cause them to be beyond the true frontier. In 
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such a case, as observed by Banker et al. (1993), the estimated frontier could erroneously 

be extended beyond its real location and could negatively influence the evaluation of 

several data points. 

A significant advantage of DEA over its parametric competitors resides in its ability to 

provide reliable efficiency measurements even for non-classical efficiency distributions 

characterized by high measurement errors (Banker et al. 1993). This advantage holds 

even for a small sample size of 25 observations. 

Besides many appealing advantages, DEA must rely on some very important 

assumptions. There are six fundamental assumptions of production theory that are 

explicitly presupposed when computing technical efficiency measures using Data 

Envelopment Analysis: 

1. Free production is not possible. 

To produce any quantity of outputs, a positive quantity of input is needed. 

2. Infinite production is not possible. 

As long as the quantity of input is limited, it is impossible to obtain an infinite 

amount of outputs. 

3. Strong disposability of inputs. 

A proportional increase in inputs will not decrease the outputs. 

4. Weak disposability of outputs. 

A proportional increase in outputs cannot be obtained if inputs are reduced. 

5. The correspondence between inputs and outputs is closed. 

For a given technology, there is an infinite number of input combinations that 

could produce a given quantity of output (this allows for the definition of an 

isoquant). 

6. The isoquant is convex to the origin. 
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In a two-dimensional input space, this indicates that if two input bundles can each 

produce one unit of output, then so can the weighted average of them. 

Two approaches will be used in the next section to provide a complete description of the 

theory behind DEA. First, a graphical demonstration is used to describe the envelopment 

and distance concepts. Second, a more theoretical approach is used to justify the 

mathematical assumptions and procedures necessary to the various DEA models used in 

this research. 

2.3.1. A Graphical Approach to DEA 

The simplest case of a sample of production units using one input to produce one output 

is illustrated in Figure 2.3. The best-practice frontier is defined by literally “enveloping” 

all DMUs. The distance between the envelope and an observation is computed by DEA 

and provides a measure of Farrell’s (1957) technical efficiency. DMU’s B, C, D, E, and 

F are considered to have a relative efficiency of one because they lie on the production 

frontier. In comparison, DMU A has a relative efficiency smaller than one, as expressed 

by the ratio MA/MA', since it lies inside the best practice envelope. 
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Figure 2.3. Technical efficiency in a one-input/one-output graphical space. 

In most practical situations, more than one input is used to produce one or more outputs. 

Three to six input (costs) categories have proved necessary to properly describe a logging 

operation (LeBel 1993, Loving 1991). An example featuring production units using two 

inputs is illustrated in Figure 2.4. The model defined the isoquant by linking all efficient 

DMuUs (B, C, D, E and F). The less efficient units (A, G, H) are enveloped by this 

isoquant. A measure of radial efficiency is computed by comparing an inefficient unit 

with a hypothetical efficient, one located where the ray OA crosses with the isoquant (A'). 

A' is a hypothetical unit obtained from a weighted average of real efficient observations 

(D, C) in accordance with the convexity assumption. A is less efficient than A’ since it is 

using proportionally more of both inputs but produces the same quantity of output. Fully 

efficient units, those on the isoquant curve, are given the score of "1." Inefficient units, 

such as A, are given a proportionally smaller value (OA'/OA < 1). 
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Figure 2.4 —_ A two-dimensional input space representation of a continuous function 
(isoquant) formed by efficient decision units. 

The analysis is straightforward, and a mathematical model such as DEA is simple to 

solve when only two inputs are used; in fact, it may not even require linear programming 

at all. For example, a study was conducted by Ponce (1978) to evaluate the efficiency of 

labor-intensive Brazilian harvesting systems and to compare them with mechanized 

alternatives. The labor and capital requirements needed by each alternative to supply a 

500-ton-per-day pulpmil! were calculated assuming constant returns to scale (linear 

relationship). The results are plotted in Figure 2.5. 
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Figure 2.5 Capital and labor requirement to supply a 500-ton-per-day pulpmill 

(Adapted from Ponce 1978, p.78). 

Each observation plotted on Figure 2.5 represents a feasible means of producing the 

desired quantity of pulpwood. A line was drawn to envelop all observations. The most 

technically efficient systems lie closest to this line. For example, system "A" is more 

efficient than system "B" since it uses less of both inputs to produce the required 500 tons 

of pulpwood. Depending on the substitution cost between capital and labor, and given 

the organization budget, the most efficient system in regard to cost (allocative efficiency) 

could be determined. Note that the envelope had to be arbitrarily drawn by the author; 

DEA mathematically computes and locates the best practice surface. 

Efficiency can be studied from an input-reducing (Figure 2.4 and Figure 2.5) or an 

output-increasing perspective. In the input-reducing approach, the level by which inputs 

can be reduced without diminishing the level of output produced is indicated. 

Conversely, in the output-increasing approach, the level by which the output could be 

increased without modifying the level of inputs consumed is provided. These two 
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measures will be identical only when the firms are experiencing constant returns to scale 

(Fare and Lovell 1978). 

When an increase in the level of inputs yields the same proportional increase in the level 

of outputs, the organization is said to have constant returns to scale. Increasing returns to 

scale occurs when an increase in inputs yields a proportionally greater increase in outputs. 

A firm is experiencing decreasing returns to scale when an increase in inputs yields a 

proportionately smaller increase in outputs. 

For cases where returns to scale are not constant the analyst may wish to know by how 

much the size of operation is affecting efficiency. Banker et al. (1984) showed that 

overall technical efficiency, as measured by the earlier DEA models, comprised a 

technical and scale dimension. Identifying the source of inefficiency may guide 

managers in their interventions (Kao and Yang 1991). It is also possible to determine the 

most productive scale size (mpss) of a production unit. Banker et al. (1986) define mpss 

as "the greatest productivity of resources for any given mix of inputs and outputs - the 

scale size at which decreasing returns to scale have not yet set in, but all productivity 

gains due to increasing returns to scale have been exploited." It is necessary, however, to 

look at the mathematical formulation of the models to understand how DEA accounts for 

various scale sizes. 

2.3.2. Mathematical Programming Formulation 

DEA defines efficiency as the weighted sum of all outputs divided by the weighted sum 

of all inputs. 
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Weighted sum of outputs 

Weighted sum of inputs 
  Eq. 2.1 TE = 

DEA is said to be unrestricted when no bounds constrain the weight values. In such 

cases, the model attempts to present each DMU under its "best possible light." This can 

be achieved by assigning high weights to favorable inputs and low weights to less 

efficient ones. Consequently, in some cases, it can be argued that a DMU appears 

efficient only because of an extreme or irrational distribution of the weights (Boussofiane 

et al. 1991, Dyson and Thanassoulis 1988). Conversely, it can also be said that if a unit is 

inefficient with the most favorable set of weights, it must really under-perform compared 

to other units. Some authors have complained that the weighting procedure has 

contributed to the perception that DEA operates as a black box model and that results 

cannot be readily interpreted (Belton and Vickers 1993). The lack of control over the 

model may be partially alleviated by the use of bounds on factor weights. Methods to 

control weight factors are further discussed in Section 2.3.2.3. 

There are two types of envelopment surfaces computed by DEA: the constant returns to 

scale (CRS), and the variable returns to scale (VRS) surfaces. The selection of one type 

of envelopment surface should be dictated by economic and technical assumptions 

regarding the data set (Ali and Seiford, 1993). 

2.3.2.1. Constant Returns to Scale (CRS) - The CCR Model 

Charnes et al (1978) proposed a fractional linear program that allowed each unit to define 

its own set of weights. The formulation of the model, best known as the CCR model -for 

the authors Charnes, Cooper, and Rhodes- is as follows: 
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where 

Ypj = amount of output r produced by unit /, 

xjj = amount of input / used by unit /, 

Ly = the weight given to output r, 

v; = the weight given to input 1, 

n =the number of DMUs in the data set, 

¢ =the number of outputs, 

m = the number of inputs, 

= a small positive number. 

The justification for ¢ is two-fold (Wong and Beasley 1990): first, mathematically, to 

ensure that the denominator in (M 1) is never zero. Second, and this is more of a 

conceptual matter, to ensure that each input (output) is considered. To some authors 

(Dyson and Thanassoulis 1988), the second argument does not hold since € is so small 

that it allows for input or output to be practically ignored from the analysis. Weighting 
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procedures were later developed to alleviate the model’s shortcoming and are discussed 

in a later section. 

Under its present formulation, the model calculates the weights so as to maximize h, , the 

efficiency of a unit, subject to the constraint equations. It is clear, therefore, that ifa 

DMU is inefficient despite the most favorable weights, then it really is under-performing 

compared to some other DMUs. 

It is simple to transform Model (M 1), a fractional linear program, into linear form for 

ease of computation: 

M2 Max ,, hy = > HY rio 

r=] 

subject to 

> ViXi9 = 1, 
tx] 

D> HY ~S vx, <0, j=l,...,n, 
r=! i=] 

To be efficient, an observation must lie on the envelopment surface and have its weights 

such that p°y -v°x = 0. The less efficient an observation, the larger °y is compared to 

v°x. 

It is generally simpler to solve the dual of a linear programming model than its primal. 

Simplification is important considering that linear model (M 2) has to be solved n times, 

once for each unit in the sampled group. The dual of model (M 2) is as follows: 
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The computational convenience associated with the reduced number of constraints is 

significant since n is usually much greater than t+m+/. But model (M3), a variation of 

the initial CCR model, provides more than simpler computation. For each unit j, (M3) 

chooses values of z that maximize efficiency. The slack variables e; and s; gauge the 

distance between an efficient DMU and its projection point on the efficient envelope. 

The slack variable s; indicates the level by which the level of output can be increased 

without altering the level of inputs. Similarly, e; indicates the level by which inputs can 

“be reduced without decreasing the level of output produced. To be efficient, a unit 

therefore must have all its slack variables equal to zero, and © equal to 1. When not 

equal to zero, the slacks carry important information and can be used by management as 

targets necessary for achieving better efficiency. 

2.3.2.2. Variable Returns to Scale (VRS) - The BCC Model 

A production unit experiences constant returns to scale when a given increase of the input 

level produces the same increase in the output levels. Earlier DEA formulations (Charnes 

et al. 1978) assumed constant returns to scale in computing relative efficiencies of 
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DMUs. Technical efficiency may be underestimated whenever the size of the operation 

has an impact on the output level through economies or diseconomies of scale 

(Thanassoulis and Dunstan 1994). Banker, Charnes, and Cooper (1984) modified the 

CCR model to account for variable returns to scale. Their formulation is known as the 

BCC model: 

" ~ ™ U —_
 

t 

M4 Ming,,. O- {3 e, + > 5, 

subject to 

n 

Ox;, — x2, —e, =0, i=|,...,m, 
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D2) — 5 = Vein? r=1,...,f, 
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The only difference between (M 3) and (M 4) is the convexity constraint that forces z to 

add up to 1. This constraint guarantees that the composite efficient unit is of the same 

scale size as the actual unit being evaluated (Boussofiane et al. 1991). The convexity 

condition implies that the model measures the "pure technical efficiency" of a unit and 

not its "aggregate" efficiency, as in model (M 3). 

The pure technical efficiency of a unit is a measure which takes into consideration the 

scale of operation. Model (M 3) assumes constant returns to scale; i.e., a change in the 

input levels has the same impact on the output levels regardless of the unit's size. In some 

circumstances this may not be true, and the analyst should account for scale efficiencies. 

Chapter 2. Literature Review 27



All CRS models use a linear combination of DMUs to project an inefficient observation 

to a straight-line envelope, while VRS models project on a convex hull. 

Figure 2.6 was adapted from Banker et al.(1984) by Boussofiane et al. (1991) to illustrate 

the difference between pure technica!, scale, and aggregate efficiencies. In the earlier 

versions of the model, an implicit assumption of constant returns to scale was made. The 

production frontier estimated by (M3) is the straight line OD. Unit D has the largest 

average productivity of all units in the set, and it is the only DMU deemed efficient. 

This is because (M3) assumes constant returns to scale. Assuming constant returns to 

scale and comparing unit D's efficiency with the others’ efficiency may not be proper. 

Output Y 
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Figure 2.6 The measure of Overall or Aggregate efficiency, and its scale and pure 

technical components. 

The line BCDE constitutes the best-performance envelope as defined by model (M 4). B, 

D, and E are all technically efficient (pure technical efficiency). B, C, and E were 

deemed efficient because (M 4) considered their scale of operation. Aggregate efficiency, 

as measured with (M 3), has a scale and technical components. It is possible, therefore, 
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to isolate scale efficiency by taking the ratio of aggregate efficiency (M3) to technical 

efficiency (M 4). 

For example, unit A is inefficient: for a same level of output, unit B uses fewer inputs, 

or, alternatively, unit A produces less output than unit C while using the same level of 

inputs. The fraction MB/MA measures the pure technical (input) efficiency of unit A. 

MN/MaA is a measure of aggregate efficiency. It is the product of pure technical and 

scale efficiencies. Model (M3) provides a measurement of aggregate efficiency by 

assuming constant returns to scale. MN/MB is a measure of scale efficiency for unit A 

and can be obtained by dividing (M 4) by (M 3): MN/MA+MB/MA = MN/MB. 

Without the convexity constraint of model (M 4), unit A would be compared with the 

composite unit "N," an extrapolation based on the average productivity of a unit located 

at the most productive scale size - unit D. Model (M 4) allows for a better "fit" to the 

observations. A drawback of using a variable scale model which offers a better fit, is in 

the higher number of unitary-efficient DMUs obtained, i.e., technical efficiency (TE) =1. 

It is difficult to draw conclusions if a high proportion of units all have high efficiency 

values. Weight restrictions allow the analyst to restrict the “region” of full efficiency, 

therefore reducing the number of unitary-efficient observations. 

2.3.2.3. Weight restrictions 

In the very first application of DEA, Charnes et al. (1978) observed that many DMUs 

were efficient because the model placed weight strictly on one output while the other two 

were ignored. This is because under its simplest form, DEA allows each observation 

(loggers) to select its own set of weights in an effort to achieve the maximum efficiency 

rating. Unbounded models are known for allowing weights to take unrealistic values. 

What results is a variable set of values that make comparisons between observations 
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difficult. Another drawback of total weight flexibility is the high number of unitary- 

efficient observations. But even when there is no constraint placed on factor weights, the 

analyst’s value judgment is inherent since all the variables omitted from the assessment 

are de facto, given a weight equal to zero (Allen et al.1996). 

A compromise can be achieved by constraining weights to vary between upper and lower 

bounds. The bounds should be selected to reflect management priorities, current 

technology, and environmental variables. Allen et al. (1996) noted that the weights 

selected for one DMU should be feasible for all the other DMUs in the sample. 

Roll et al. (1991) cited three reasons to place bounds on factors weights. First, since all 

factors included in the analysis were selected for their contribution to efficiency 

measurement, it would be unacceptable that the model arbitrarily place an extremely 

small (practically zero) weight on any factor. Second, by attempting to present a DMU 

under its most favorable light, an unbounded model may essentially "cover up" 

inefficiencies. This is contrary to the spirit of the procedure. Finally, it may seem 

unacceptable that a same factor may receive different weights for different DMUs. 

According to Dyson and Thanassoulis (1988), it is difficult to constrain weights because 

they often do not have a clear signification. These authors suggested using regression to 

obtain average values for the weights, and then agree on lower bounds to be included in 

the DEA formulation. Unfortunately, this approach only works with DMUs using one 

input factor. A more subjective approach based on expert knowledge of the production 

process is often preferred. 

Efficiency scores are generally smaller for the bounded model since there is less 

flexibility in weight values. The bounded model does not remove all the variability 

observed in factor weights. It is only an "intermediate course" (Roll et al. 1991) which 
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still permits weights to vary while providing the analyst with a greater control over some 

important managerial issues. . 

Although much more computationally intensive, the primal version of DEA is necessary 

when factor weights need to be controlled. Model (M 5) is the primal version of model 

(M 4), and it is similar to model (M 2), except for the added variable wg, which allows for 

variable returns to scale. 

M5 Max, Mp = LiHY i +Ww 

subject to 

m 

> VXj0 + Wy = 100, 
i=] 

f m 

Yu,¥,— vx, <0, j=\,...,n, 
r=] i=] 

—u,<S-é& r=,...,f, 

—v,S-é€ 1=1,...,m. 

W, unconstrained in sign 

It is possible to determine whether a unit is in the region of increasing, constant, or 

decreasing returns to scale (Banker 1984, Banker et al. 1986, Banker and Thrall 1992). 

This knowledge is essential to help managers take the appropriate decisions if increased 

efficiency is sought. Banker et al. (1984) provided a straightforward means to evaluate at 

which scale level a DMU is producing by observing the sign of win model (M 5), the 

dashed line’s intercept on Figure 2.7. The dashed line can be interpreted as the extension 

of the envelopment surface. The intercept indicates if the DMU being evaluated is in the 

region of increasing, constant, or decreasing returns to scale, depending on whether it is 
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negative, zero, or positive. Kao and Yang (1992) applied this model to get a measure of 

scale efficiency, based on which they subsequently suggested the consolidation of 

Taiwan's 13 forest districts into 8 more efficient units. 
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Figure 2.7 —‘ The intercept, w_ and its returns to scale interpretation. 

DEA models have been written for which the analyst can select weights to control target 

selection on the isoquant (Thanassoulis and Dyson 1992). It is simpler, however, to do 

this through nonradial models. 

2.3.3. Non-Radial Efficiency Measures 

Radial measurements provide a single value which is a surrogate of overall technical 

efficiency. Radial efficiency measures provide a focal point which can be used to 

identify the best and worst performers in a group of observations. Alone, a radial 

measure carries limited information and should therefore be accompanied by factor 
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weight information and non-radial measures. Non-radial measures contribute partial 

efficiency information in regard to each input factor transformed by the process. 

Radial measures are largely based on Farrell’s (1957) definition of technical efficiency, 

measured as ] minus the equiproport.onate reduction in all inputs that still allow for the 

same production of output. Any observation located on the isoquant is deemed efficient. 

An observation located on the isoquant but not on the efficient subset such as “A” and 

“—D” in Figure 2.8 would be deemed efficient if slacks were not reported. An observation 

can be on the isoquant but have slacks, in which case it should not be considered efficient 

because an input reduction is possible. Slacks occur when an observation is located on 

the horizontal or vertical extension of the isoquant. 

Several models have been proposed to compute nonradial efficiency (Ferrier et al 1994). 

Two are applied in this study: the Fare-Lovell (1978) input efficiency measure, and the 

Asymmetric Fare technical efficiency measure. The main difference between the two 

models comes from the fact that Fare-Lovell (FL) model compares every observation 

with peers that are located on the efficient subset of the isoquant, as compared to the 

Asymmetric-Fare (AF) which selects peer units that may be outside the efficient subset. 

AF essentially reduces each input successively while holding the others constant (Ferrier 

etal. 1994). This way, each inefficient observation is scaled down to the isoquant as 

many times as there are input variables. The comparison point on the isoquant may or 

may not be on the efficient subset. The differences between how each model selects peer 

units on the isoquant are illustrated in Figure 2.8. 
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Figure 2.8 § Three measures of technical efficiency on a DEA input correspondence 

(adapted from Ferrier et al. 1994). 

The radial efficiency of unit 1 is computed using 1’ as the target; 1’ is on the isoquant 

but is not part of the efficient subset because of slacks in input X,. The nonradial FL 

scales unit 1 down to the isoquant twice, or once for each input. Unit B is chosen as the 

most efficient unit in regard to input X, , while unit C is the most efficient unit in regard 

to input X,. AF nonradial efficiency measures are based on 1”’ and 1””’ for X, and X, , 

respectively. Note that 1’, 1°’, and 1”’’ are “composite” observations, and not actual 

DMUs. 

Thanassoulis and Dyson (1992) suggest using nonradial measures to establish targets for 

a DMU which would need, for example, to minimize the level of only one of its inputs. 

While the models included in Ferrier et al. (1994) take the minimum efficiency ratio in 

the case of AF, or the arithmetic average in the case of FL, the partial efficiency of each 

input is reported in this study. Individual factor efficiency is believed to yield important 
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information. Therefore, although the ultimate answer provided by model M6 and M7 

yield an average or a minimum value, each factor’s ratio can be obtained. 

Model M6 is the mathematical programming formulation for the Fare-Lovell non-radial 

efficiency measure. 
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The mathematical programming model used to compute the Asymmetric-Fare non-radial 

efficiency measure is as follows (M7): 
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All the models presented in this chapter should yield similar or complementary results in 

regard to technical efficiency. The various formulations are used to obtain more 

information in reference to the causes of inefficiency. It is the analyst’s responsibility to 

select the model or models that best suit the data set. 

2.3.4. Output Slacks and Input Excesses 

The previous models were all single-stage formulations which rely on a non- 

Archimedean constant € to approximate the more complete two-stage formulation. The 

single-stage model accurately identifies the efficiency ratio (0). However, by focusing 

only on 9, an observation could be deemed efficient despite the presence of output slacks 

or input excess. It is necessary to use a two-stage model to detect slacks and excesses, 

and correctly measure efficiency (Ali and Seiford 1993). In a two-stage model, the first 

stage is used to compute 0, and the second stage to compute slacks and excesses based on 

each unit’s efficiency ratio obtained in the first stage. Model (M 8) is a two-stage 

formulation that correctly computes slacks and excesses: 
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The first stage is used to compute the optimum value of 0 for each DMU. This optimum 

value, 6°, is then used in the second-stage to compute the projected point on the envelope, 

and with it the possible slacks and excesses. 

2.3.5. Strengths and Weaknesses 

Authors have complained about DEA's weak discriminatory power in the upper 

efficiency range (Charnes and Cooper 1985). The number of unitary-efficient DMUs 

increases with the number of input and output factors. Making sure that the number of 

observations is much greater than the number of factors (n>>m+t) is not always sufficient 
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to get “sharper” efficiency discrimination (Seiford and Thrall 1990). This is partly due to 

the model's flexibility in choosing the weights. Methods such as the "cone-ratio model" 

(Charnes et al. 1990), "Assurance Region" (Thompson et al. 1990), and "proportion- 

based weights" (Wong and Beasley 1990) were developed to address this problem. 

Another disadvantage of the model is its overall complexity. The model may appear 

rather complex if the user is without considerable linear programming knowledge. 

One of the advantages of this approach is that the peer group comparisons allow the user 

to quantify the cost of a sub-efficient tactic. DEA offers possibilities for comparing 

managerial and policy efficiencies. It is difficult to compare two different loggers on the 

same harvesting procedure if one or both are not performing efficiently. In such cases, it 

is impossible to distinguish among technical effects, managerial effects, and 

inefficiencies. Boussofiane et al. (1991) noted that DEA can be used to eliminate the 

effects of managerial inefficiencies by modifying the weight of inefficient units. Once 

weights have been modified, a new assessment must then be carried out so that 

differences due to technique and management can be identified. Possibilities appear very 

interesting as the analyst becomes more acquainted with the procedure. 

DEA as been widely documented and applied in various fields; a bibliography by Seiford 

(1990) contains 400 references. Nevertheless, little as been done in the area of natural 

resources management, and there are no published reports in the field of forest 

engineering and industrial forestry. Arnade (1994) compared the efficiency of national 

agriculture using a DEA model. Kao (1994), and Kao and Yang (1991,1992) used DEA 

to measure the efficiency of forest management in Taiwan's forest districts. DEA was 

applied to study the variations in performance among U.S. national parks (Rhodes 1986). 

Byrnes et al. (1984) applied DEA to measure technical and scale efficiency of Illinois 

strip mines, a business environment characterized by many similarities with forest 
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harvesting. Carter and Cubbage (1995) used a stochastic frontier technique to estimate 

the source of technical efficiency in southern harvesting. These authors concluded, 

among other things, that larger contractors tended to be more efficient than smaller ones. 

However, data set limitations and distributional assumptions hindered more definite 

conclusions. 

The sample size, the level of detailed obtained, and managerial cooperation from both the 

loggers and the foresters make this data set ideal to test DEA as a potential efficiency 

measurement tool. If conclusive, the methodology may help identify strategies which 

foster better utilization and increased performance in wood supply systems. 

2.4. Profitability Considerations 

Stuart (1995) states that "the ultimate goal of any business is preservation and growth of 

equity". It is widely accepted that maximizing profits contributes to the "preservation and 

growth" of equity. On the other hand, striving for maximum technical efficiency, 

especially if it means minimizing cost, does not guarantee profit maximization. In fact, 

they could be considered as separate objectives. 

The simple case of a two inputs and one output production system illustrated in Figure 

2.9 serves to demonstrate the distinction between technical efficiency and allocative 

efficiency. Units A, B, C, and D all use a different mix of labor and capital to produce 

the same quantity of delivered wood. It was established that A, B, and D are technically 

efficient, as they lie on the performance envelope. DMU C is not as technically efficient 

as others since it lies at some distance of the envelope. Given unit cost information on 

both input factors, one could locate the isocost line(P ;P>). DMU B is located where the 
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technical efficiency envelope is tangent to the isocost; the point of maximum profit. A 

measure of profit efficiency, also referred as allocative efficiency, can be obtained by 

measuring the ratio of the radial distance between a DMU and the isocost (P;P>). From 

Figure 2.9 it can be seen that OA’/OA < OC’‘/OC. It is then agreed that although not as 

technically efficient as DMU A, DMU C generated a higher profit margin. One could 

argue that profit would have been higher yet, had DMU C been technically efficient (C"). 

As a tule, it may be hypothesized that the section of the isoquant closest to the origin is 

likely to be where costs are minimized. This hypothesis should hold for operating 

conditions where factor costs are of comparable proportions. Nevertheless, this case 

serves to illustrate the risk associated with focusing solely on technical efficiency. 
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Figure 2.9 | Two-input and one-output production units and the measure of allocation 

efficiency. 

While theoretically appealing, allocative efficiency is not a practical means to evaluate 

logging contractors’ performance, given the available data set. It has proven difficult so 

far to decompose factors such as Consumables and capital into unitary elements so that a 

unit price can be affixed. In comparison, the information needed to compute technical 

efficiency is far easier to collect. Boussofiane et al.(1991) state that profitability alone is 
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an incomplete measure of performance since profit may be the result of good 

management practices or it may be a result of favorable environmental factors. 

Regardless, in this research project, it will have to be demonstrated whether technical 

efficiency alone can be used to assist managers in improving the procurement system 

performance through improved logging operations. 

2.5. Increased Efficiency Through Organizational Changes 

2.5.1. Sorting and Inventory Management 

For most loggers operating in the southern pine region, deck-sorting is required to 

separate the several products that comprise the harvested stand. Loggers are expected to 

separate and haul logs by species, size, and quality. Production is greatly affected when 

more than two sorts are necessary, and landing inventory backups tend to form whenever 

products are too scarce to rapidly constitute a load. Such backups become problematic on 

an environmental and operational perspective when they accumulate over a large area. 

It is assumed that loggers could increase their cost efficiency by focusing more on 

harvesting and hauling. In-woods sorting with a loader is time- and resource-consuming. 

Separating logs perhaps could be performed more efficiently and economically at the 

woodyard. Loggers would then load all products unsorted and haul everything to the 

same destination. The actual harvesting system would basically remain unchanged, 

allowing conventional sorting operation to remain available when necessary. 

Recent studies conducted by the Industrial Forestry Operations Research Cooperative at 

Virginia Tech have discussed the link between woodyard inventory practices and logging 
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contractors’ capacity utilization (LeBel 1993, Loving 1991, Laestadius 1990). These 

studies pointed out that low-capacity utilization of logging operations is an important 

contributor to high operating costs. In Finland, Makinen (1993, 1992) concluded that 

successful logging and trucking businesses had a higher capacity utilization rate when 

compared to less successful ones. 

2.5.2. Trucking Operations 

McCormack's (1990) exhaustive study aimed at measuring log truck performance 

concluded that an important gain in fuel productivity can be achieved when trucks are 

productive on their return trip. Fuel consumption recorded when running unloaded was 

significant: 70 to 80% of loaded consumption levels. At the present time, the 

procurement system does not allow loggers to use their carrying capacity for cargo other 

than raw material coming directly from the forest. In many instances, hauling chips vans 

from a woodyard to a paper mill at night and during rainy days when operations stop 

would be a welcome opportunity for several loggers. In the same way, wood transfer 

from a woodyard to a processing mill also could allow better utilization of trucking 

capacity. Trucking accounts for a large share of a logging operation's costs, and 

considerable gains could be achieved through increased hauling efficiency and gentler, 

faster unloading. A centralized woodyard, used as a sorting hub, may allow for increased 

utilization of trucking capacity and may positively contribute to a logger's technical 

efficiency. 
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2.6. Summary 

For the last two decades, increased productivity was an efficient means for loggers to 

maintain profits, given stable wood prices (Stuart 1992). It appears doubtful that 

productivity gains like those experienced during the last 15 years through technological 

improvement of harvesting equipment can be maintained (Cubbage and Carter 1994). In 

the near future, efficiency improvements will likely have to come from other sources, 

such as system management for example. Reduced in-woods sorting duties to loggers 

and increased harvesting and transport equipment capacity utilization could be a 

promising way to reduce or maintain raw material costs in the near future. 

Technical efficiency is only a first step in improving system performance. Focusing on 

technical efficiency may guide managers in the right direction for identifying factors that 

contribute to increased performance. 
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Chapter 3 METHODOLOGY 

3.1. The Data Set 

3.1.1. Data Collection (inputs/output) 

Gathering reliable cost and production information from a large group of logging 

contractor is challenging. The work of several researchers (Walter 1996, LeBel 1993, 

Loving 1991), spanning over a period of six years, has resulted in the most up-to-date and 

detailed cost and production information source on southern logging operations. Up to 

six years worth of cost and production data were collected from a group of 23 loggers. 

Each of the contractors involved in the study was visited several times to observe at first- 

hand the work environment and the equipment in use. On-site discussions provided 

insights concerning each contractor’s business background, management style, and 

strategic planning. 

The financial information was gathered from various sources: income tax reports, CPA 

reports, and loggers’ account books. All inputs were measured in dollars. The exact 

number of units consumed, e.g., gallons of fuel, or the unit price was not needed. It was 

necessary to standardize accounting records since contractors have different bookkeeping 

procedures. All costs were grouped into one of the following expense categories: 

- Consumables: Consumable supplies that are expended in the short term and include 

repair and maintenance supplies, parts, fuel, oil, tires, tubes, and saw 

expenditures. 
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- Capital: Includes investments in depreciable assets and related costs 

(depreciation value, interest on financed depreciable assets, lease 

payments, rent on depreciable assets, property taxes on equipment, 

highway use taxes, equipment, truck, and trailer licenses and permits). 

- Insurance: Includes equipment - fire, theft and vandalism, general liability, and 

additional coverage the contractor may have elected to carry. 

- Labor: Includes all items related to employee compensation (salary, wage, 

workers’ compensation insurance, employee benefits). 

- Overhead: Includes utilities, professional services, and miscellaneous 

administrative costs (dues and contributions, fines, computer). 

In addition to these five categories, a sixth one was sometimes utilized to account for 

those loggers sub-contracting their hauling operations, or keeping a separate tally on 

trucking expenses. 

Three types of contractors were identified based on the cost information: those doing all 

their trucking themselves, those subcontracting all their trucking or having a separate 

business entity for the trucking side, and those owning one or more trucks but 

subcontracting a portion of their trucking. Information pertaining to the organizational 

structure is important when comparisons between groups are attempted. A 

comprehensive analysis focusing on demography, organizational structure, and 

productivity of logging contractors was provided by Walter (1996). 

Delivered wood fiber weighed at the mill constitutes the main output of the process. 

Production figures were obtained from company data base and the logger’s settlement 

records. The most common measurement unit for production was the “ton.” All other 

reported units (cords, MBF, etc.) were converted to tons using the local conversion factor. 
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Inputs and output were most widely available on a yearly basis rather than quarterly. 

Therefore, the core of the analyses was performed based on annual data. Reliable 

quarterly totals were also available for some contractors. When appropriate, analyses 

were performed using these data. 

No adjustment for inflation was made despite the fact that financial information ranging 

from 1988 to 1994 was used. Several reasons justified making no adjustment to the 

original cost data. First, a prevalent source for price indexes, the Producer Price Index 

(PPI), published by the federal government (1996), did not appear entirely suitable to the 

logging industry. As a composite index, it was unclear how the PPI should be modified 

to account, for example, for the cost of consumables. That category included fuel, for 

which price remained largely unchanged, but also tires, hoses, and other miscellaneous 

parts which may have varied at different rates. Second, for the labor category, although it 

is indisputable that costs have been increasing because of both regulation and market 

conditions, the increased rate is largely undocumented and varies considerably on a 

regional basis. While one contractor reported that all his truck drivers received the same 

rate in 1995 as they did four years earlier, because he could not afford an augmentation, 

another reported having to pay them $2.00 dollars more per hour in 1995 compared to 

1992 as a result of a strong local economy. A third reason not to adjust for inflation is 

related to the difficulty of accounting for equipment improvements. While it is clear that 

skidders are more expensive today than they were six years ago, it is also acknowledged 

that they are more powerful and reliable machines (White 1996). 

For these reasons, instead of tampering with the data set, it was decided to leave all costs 

in actual dollars and account for any potential time-based difference to be attributable 

partly to inflation, partly to technical efficiency. This way, the final results would not be 

affected by an arbitrarily set adjustment ratio. 
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3.1.2 The Production Function 

It was observed that the three most recognized cost categories in production theory - 

Capital, Consumables, and Labor -, accounted for over 90% of all logging expenses. 

Therefore, technical efficiency was evaluated based exclusively on the loggers utilization 

of these three economic inputs. 

The production function can therefore be expressed as: 

Eq. 3.1 q =f(Capital, Consumables, Labor) 

where g is the quantity of wood harvested. 

An important assumption had to be made for those loggers maintaining separate accounts 

for harvesting and hauling operations: all costs related to contract hauling, if any, were 

divided equally among labor, consumables, and capital expense. Doing so paralleled 

Beardsell’s (1986) machine-cost methodology, which assumed equal distribution among 

these three cost categories. Discussion with contractors involved in the study further 

confirmed the legitimacy of this assumption. More importantly, distributing contract- 

hauling cost equally between the three categories guaranteed that the wood-operations 

costs distribution remained unchanged. Failing to do so could have introduced an 

unintended bias by arbitrarily modifying the logger’s business strategy. 

The contractors are often required to sort their production by categories: hardwood pulp, 

softwood pulp, softwood logs, hardwood logs, and other products as necessary. The total 

volume produced, and therefore efficiency, was suspected to vary with the number of 

sorts (Section 3.3) and the proportion of hardwood in the harvested stands. Although 
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most loggers provided a separate tally for hardwood and pine, only the total yearly 

harvested volume was available for some loggers. However, informed estimates were 

made when it was impossible to segregate production into individual products. Loggers 

for which product breakup was estimated are identified within Table B1 of Appendix B. 

Tract characteristics had to be left out of most analyses because of the difficulty of 

collecting quantitative information on individual stands prior to harvest. Variability was 

found among contractors in regard to harvested products (pine/hardwood), distance to 

market, and percentage of capacity utilization. A “complexity factor” was developed to 

account for these three environmental factors. The methodology used to develop the 

complexity factor and its correlation with technical efficiency is presented in Chapter 5. 

In addition, where data quality permitted, loggers were grouped by selected 

environmental and operating factors to measure the influence of these on technical 

efficiency. 

The eventuality that some technological development has occurred should not be over: 

looked when a study extends over such a long time horizon. This element must be 

carefully investigated so as not to confuse progress owing to technical efficiency and 

technological progress (Seaver and Triantis 1995). Carter and Cubbage (1995) reported 

an annual average technical change of 1.8% between 1979 and 1987. This was a period 

characterized by major technical improvements in regards to felling machines and grapple 

skidders. Fewer significant technological developments occurred during the study 

period; none was significant enough to remove a logger or DMU from the data set. 

Nevertheless, changes have occurred in the southern procurement system since the 

beginning of data collection in 1988. For example, wide-tired skidders and tract feller- 

bunchers have become more prevalent. 
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For the most part, all contractors used a similar technology throughout the study. Still, 

equipment changes and modification have occurred, and their possible effects were 

scrutinized. Sub-samples were formed to isolate a different technology for those loggers 

who have significantly modified their equipment spread or have experienced with a 

change in procurement policy. The sub-samples were formed based on resource 

utilization or environmental characteristics specific to a contractor or a group of 

contractors. Details are given as the analyses are performed in Chapter 5. 

3.1.3. Statistical Validation 

DEA is a mathematical programming technique and as such can be perceived as lacking 

statistical justification. This argument was disputed by Banker (1993) who demonstrated 

that DEA estimators exhibit consistency and that "the asymptotic distribution of the DEA 

estimates of inefficiency deviations is identical to the true distribution of these 

deviations." While DEA may be a valid analysis model, as with all research involving 

sampled observations, proper analysis must be performed to verify the statistical 

properties of the data set. In particular, DEA requires that at least a moderate relationship 

exist between the inputs and outputs included in the analysis. 

3.1.3.1. Validation of the input/output relationship through statistical 

tests for colliniarity and correlation 

A correlation analysis of the data set was necessary for at least three reasons before 

proceedings with the regression and DEA models: 

1. To test the assumption that input variables are independent from one 

another; 

2. To test the assumption that output variables are independent from one 

another -when there is more than one output; 
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3. To test the assumption that there is at least a moderate relationship 

between input and output variables. 

The efficiency standard computed with either the DEA or the parametric approach will 

not be accurate if input/output variables are collinear. Collinearity is present when 

variables have a linear relationship among themselves. 

The requirement of independence of variables protects against singular matrices. 

Singular matrices make it impossible to compute efficiency scores with either the DEA or 

multiple regression approach. The most likely cause for a singular matrix is when a 

variable is a linear function of the other variables in the problem set. The intercorrelation 

matrix is presented in Table 3.1. The matrix was computed based on the complete data 

set of yearly cost and production information, which totaled 109 logger-years. A 

parametric coefficient - Pearson’s- and a nonparametric coefficient - Spearman’s- were 

used to measure the strength of the relationship between the input and output. 

Table 3.1 Intercorrelation Matrix - Pearson Product-Moment Correlation 

Coefficient- (Spearman's correlation coefficient) for the complete data set. 
  

  

  

Production Capital Consumables Labor 

Production 1 

Capital 93 (.88) 1 

Consumables 96 (.94) 93 (.88) ] 

Labor 97 (.95) 92 (81) 96 (.92) 1 
  

The legitimacy of Equation 3.1 is supported in part by the fact that all input variables are 

strongly correlated with the output variable. The correlation is very strong between 

production and consumables, and between production and labor, and it is strong between 

capital and production. The slightly weaker correlation observed with capital may 

indicate that there are more mechanisms available to contractors for adjusting capital 
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spending relative to production than for labor and consumables. In the data set, some 

loggers proved to be able to achieve similar production levels while investing relatively 

different amounts of capital. This does not necessarily mean that loggers can easily or 

rapidly adjust their capital investments to match production, only that there is a greater 

diversity of spending levels in regard to capital as compared to the other two inputs. 

The positive correlation between consumables and capital may seem to go against 

common wisdom. It must be pointed out that the correlation factor reflects the 

relationship among 23 contractors of different sizes. Therefore, it is reasonable to believe 

that contractors with high capital investment (more machinery) experience higher 

consumable expenses. Tracking consumables and capital expenses through time for a 

single contractor did reveal a weaker relationship between the two (Table 3.2). A lower 

correlation coefficient between the inputs supports Assumption 5 in Chapter 2: allows for 

input substitution. 

  

  

Table 3.2 Intercorrelation Matrix -Pearson Product-Moment Correlation Coefficient- 

(Spearman's correlation coefficient) for logger D’s quarterly data. 

Production Capital Consumables Labor 

Production l 

Capital 59 (.68) 1 

Consumables 50 (56) 1S (36) l 

Labor 79 (.80) 63 (.75) .61 (.63) 1   
  

Input substitution is critical to DEA’s computational legitimacy. It had to be verified that 

loggers could produce an equal volume of output while using a different combination of 

capital, consumables, and labor. The data set supported the input substitution hypothesis. 
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The correlation between Consumables and Labor was high when the complete data set is 

considered (Table 3.1). Having these two input variables showing such a high degree of 

intercorrelation could lead to questionable results if the multiple regression approach is 

used, but because it is unlikely to produce a singular matrix, the DEA model will provide 

feasible solutions, and valid results. 

The parametric approach is more distribution-sensitive than is DEA, but the latter can be 

greatly influenced by outliers. Production was highly correlated with total expenses, as 

demonstrated in Figure 3.1, and unless several outliers were overlooked, the efficiency 

measurements obtained with DEA and the regression approach are expected to be similar. 
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Figure 3.1. = Production as a function of total expenses. 

The assumption regarding the independence of variables is in part violated because the 

contractors in the sample have provided more than one year’s worth of data. Since all 
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109 logger-years are included in Figure 3.1 and in several analyses, there may be clusters 

of data related to the same loggers. This does not bias DEA, a nonparametric Frontier 

model, but the effects on the parametric competitor are unclear. Nevertheless, traditional 

inference statistics will have to be performed with this in mind. 

3.1.3.2. Test for unusual observations and outliers 

An outlier can be defined as an observation that appears to be inconsistent with the other 

observations in the data set. The theory for evaluating efficiency behind both the DEA 

and the multiple regression methodology rests on the definition of a common standard. 

The standard is established by comparing the performance of DMUs that share a common 

technology in a similar environment. 

Any DMU that does not share the common technology should be considered as a 

potential outlier. The same can be said about a DMU that benefits or suffers from a 

different environment and is located on the fringe of the observation set. 

Outliers in the data set, especially those beyond the envelope, will bias the analysis by 

affecting the computation of efficiency measures. This is not to say that all outliers 

should be dismissed from the analysis. Outliers may represent the most important source 

of information with respect to efficiency performance. Exceptional observations, positive 

or negative, should be investigated to expose the reason(s) that may explain their 

performance. 

The input and output sets were screened by means of standard parametric tools, such as 

box-plots, to visualize the distribution and identify eventual outliers before DEA runs 

were performed. Outliers may also be detected after the DEA models’ efficiency scores 

have been computed. Exceptionally high and low technical efficiencies should be 
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investigated to verify if the results can be credited to management practices, 

environmental conditions, a change in technology, or any other factor. Whenever an 

exceptional score cannot be explained there is a possibility that the DMU constitute an 

outlier. 

All contractors were first compared in regard to their yearly production and cost 

information. The median annual production was 63,665 tons, the largest contractors 

produced 237,672 tons, and the smallest produced 21,373 tons. The median value for 

capital, consumables, and labor expenditures is $182,314, $205,982, and $320,917 

respectively. Box plots of the distribution of production and cost categories are included 

in Figure 3.2. 
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Figure 3.2. —_ Box plots of annual production and annual expenditures in capital, 

consumables, and labor. 
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A few moderate outliers, and three extreme outliers were identified. The reason for these 

outliers was that at least one operation is considerably larger than the rest. The outliers 

were kept in the sample because they can be explained by a different operating scale, not 

some data entry error, or a difference in harvesting technology. 

3.1.3.3. Revenues 

Logging contractors were not required to disclose their operating profits or revenues. 

Logging rates are regarded as highly sensitive information by both the loggers and the 

sponsoring organizations. In any case, even when available, revenues from sales can 

rarely be attributed to specific products, much less specific tracts. Again, this serves to 

demonstrate how difficult it can be to measure allocative efficiency. Yet, revenues 

cannot be ignored. Business units must concentrate on maximizing profits as much as 

controlling costs. The relation between profit and technical efficiency is further 

discussed in section 3.2.1.3. 

3.2. Efficiency Measurements 

3.2.1. Data Envelopment Analysis (DEA) 

Various DEA analyses were conducted using the models presented in Chapter 2. The 

main software to be utilized was designed on Mathematica® for Windows® (Wolfram 

1991). The early Mathematica-based DEA modules used in the study were developed by 

Bonaplata (1995). Several modules were added to the initial software which only 

included the basic CCR models in its input minimization and output maximization forms. 

The BCC models were added under their primal and dual formulation. A model which 
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allowed the user to apply constraints to the factor weights was also added. The two-stage 

model was used to compute slacks and input excesses. In addition to these radial models, 

a non-radial module was added. The module includes the asymmetric-Fare (AF) model, 

and the Fare-Lovell (FL) model. The FL model was contributed by Varlipar, (1996) who 

used it in his study of a manufacturing plant. The detailed formulation of each 

Mathematica models is included in Appendix A. During the validation phase of model 

development a comparative analysis was performed with a program called DEA50 

(Thanassoulis 1991) to compare results obtained from the Mathematica models with 

those of a proven, albeit limited, software. 

3.2.1.1. Radial and non-radial efficiency 

A total of 109 production units representing 23 logging contractors was evaluated in 

regard to their ability to convert production resources (input) into delivered wood 

(output). Data was available for several years from some loggers. The production 

resources were divided into three cost categories: Labor, Capital, and Consumables. 

These three categories encompassed 90% or more of all the production costs. The 

complete data set is included in Appendix A. 

As a first step, the CCR model was used to compute a radial efficiency measure for each 

observation. The CCR ratio provides an “overall” or “aggregate” measure of technical 

efficiency. A second series of measurements was then computed with the BCC model. 

The BCC provides a measure of “pure” technical efficiency. The difference between the 

CCR and the BCC can be interpreted to measure scale efficiency. Finally, non-radial 

measures were taken to estimate the efficiency with which each input factor was 

transformed (partial-efficiency). 
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3.2.1.2. Factor weights 

All three production factors were considered important. Each logger's efficiency 

measurement should account for the importance of all three input factors. DEA, through 

its flexible weighting procedure, may in some cases assign no weight to one or more 

input. Just the same, when no bounding technique is applied, an unreasonably high 

weight may be assigned to some factors. As a result of the flexible weighting procedure, 

an operation could be deemed efficient because of its low capital costs, even though this 

was achieved at the expense of high consumables costs. To avoid the risk of a such 

situation happening, a weighting procedure was used to ensure that all three inputs would 

be considered. 

A two-stage method was followed to select and place bounds on factor weights. First, an 

unbounded version of the model (M5) was run to obtain an initial appraisal of the most 

favorable weights, 1.e., those which show each DMU in its most favorable light. As 

suggested by Roll et al. (1991), the most extreme weights are identified for each of the 

three input factors. Second, through trial and error, upper and lower weight limits were 

imposed. The limits, or constraints, should, at a minimum, guarantee that no input is 

assigned a weight of zero. A trial run is then performed to guarantee that the selected 

bounds provided a feasible solution. If weights are too strict, DEA may not be able to 

solve the fractional-linear program and an error message is displayed. 

3.2.1.3. The relationship between technical efficiency and profitability 

Technical efficiency can be used to rank logging contractors on the basis of their ability 

to efficiently convert input factors into delivered wood. Subsequently, one can use these 

efficiency values to focus on factors that contributed to good or poor outcomes. But as 

demonstrated in Chapter 2, technical efficiency does not guarantee profit maximization. 
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It is therefore justifiable to question whether loggers with high efficiency are rewarded by 

a good net financial margin. 

A fixed unit price of $12/ton was assumed and applied to all loggers to compute a 

hypothetical revenue. Then, using the available cost information, the total margin 

(revenues minus costs) and unitary margin (total margin divided by total production) was 

calculated for each logger . 

Once the observations were ranked in regard to technical efficiency and financial margin, 

it was simple to measure the correlation between the two. The Spearman’s Rank 

Correlation test (Daniel 1990) was used to measure the degree of association between 

profit margin and technical efficiency. 

The null hypothesis states that X and Y are independent, while the alternate 

acknowledges a direct relationship between X and Y. 

The test statistic is 

6x dd’ 
r=|-—— 

. n(n- — 1) 

where 

a” 

Da? => [RX,)- RY) 
1=] 

nis the number of observation in the samples, R(X} is the rank of observation X,, 

and R/(Y;) is the rank of observation Yj. 

The Spearman’s correlation test was used frequently to evaluate the relationship between 

technical efficiency and financial, managerial, and environmental factors. An example is 
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provided in Table 3.3, where the correlation between technical efficiency and financial 

margin for a unit rate of $12 per ton was measured. 

  

  

Table 3.3 Spearman’s coefficient of correlation between technical efficiency and 
financial margin for the 109 logger-years in the study for a unit rate of $12 

per ton. 

Is p-value 

Total margin and technical efficiency (CCR) 0.80 < 0.001 

Total margin and technical efficiency (BCC) 0.65 < 0.001 

Unit margin and technical efficiency (CCR) 0.88 < 0.001 

Unit margin and technical efficiency (BCC) 0.80 < 0.001   
  

Technical efficiency was strongly correlated with total and unit margin. Loggers with 

high technical efficiency tended to have better financial margins. The correlation 

coefficient between total margin and technical efficiency varied with the unit-rate paid. 

The implications of this relationship are studied in Chapter 6. 

3.2.1.4. Identification of efficient operating practices and strategies 

DMwUs were ranked based on their technical efficiency rating. The most and least 

efficient operations were identified and further investigated. DMUs were grouped based 

on operational and procurement practices, type of equipment, and procurement region. 

Once again, the objective was to be able to distinguish between management initiatives 

and environmental conditions that may favor better performance. 

3.2.1.5. Efficiency changes over time 

DEA can be used to measure the efficiency of various logging systems or to compare the 

efficiency of one system through time. The observation set can be "panelized" to look at 
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two dimensions simultaneously: a time dimension and a cross-unit dimension. Up to 

seven continuous years of data were collected for some loggers, and most provided at 

least four years. This provided the opportunity to follow a given logger, or a group of 

loggers, through time in an attempt to isolate some of the managerial and environmental 

factors. 

3.2.1.6. The effect of system size on efficiency (scale efficiency) 

Logging contractors in the data set range in size from those producing 30 loads a week to 

others producing 30 loads a day. Loggers were segregated according to their scale of 

operation. 

The analyses attempted to determine whether each logger was operating in the region of 

increasing, constant, or decreasing returns to scale. Model MS yields the necessary 

information to measure scale efficiency. Return to scale information is important to 

evaluate whether a logger could improve efficiency by changing scale size. It is also 

important to help identify environmental and managerial factors impeaching it. 

The most productive scale size (mpss) can be computed simply by using information 

provided by model M3. The mpss links efficiency to the size of an operation. The 

factors which explain why a contractor chooses to produce at a given scale size are only 

partly understood. It is hypothesized that logging contractors are subject to a stepwise 

increment along the scale-efficiency function, 1.e., a major investment, such as an 

additional skidder, is necessary to move from one scale size to another. Attempts were 

made to identify where those increments might be located and which factors best 

explained why some loggers were located at a given scale size. Return to scale and the 

production function shape for the wood supply system are not clearly understood at this 

time. It is hoped that a focus on technical efficiency may expand the actual knowledge. 
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3.2.1.7. The impact of capacity utilization on logging efficiency 

Earlier analyses (LeBel 1994) indicated that significant efficiency gains were within the 

reach of logging organizations if better capacity utilization was achieved. The most 

substantial cause of poor performance was attributable to low partial efficiency in regard 

to capital. More exactly, the source of the problem was linked to variability in capacity 

utilization. As a result, loggers could not reduce capital or even labor quickly enough in 

times of low wood demand. The much larger data set and more refined analysis tools 

used in this study allowed for a more extensive understanding of the relationship between 

capacity utilization and technical efficiency. 

DEA’s technical efficiency estimates were found by Banker et al. (1986) to be highly 

correlated to capacity utilization. Previous research in the forestry sector has also linked 

business success to capacity utilization (Makinen 1992, 1993). 

Capacity utilization was defined one of two ways depending on the availability of weekly 

production data. Capacity utilization ratios were statistically computed where weekly 

production records were available. The fourth quartile of the cumulative distribution 

function, the production level the contractor reached or exceeded 25% of the time, was 

used as the maximum sustainable capacity level. Dividing the actual production level by 

the computed full utilization level provided an estimate of capacity utilization. An 

estimate based on the logger's and/or forester's assessment was made when production 

data was incomplete. 
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3.2.2 A Parametric Frontier Approach 

The main objective of this research is to develop and apply a non-parametric procedure to 

measure technical efficiency in logging operations. Considerable accomplishments have 

been published in production economics concerning parametric methods and cannot be 

overlooked. A stochastic parametric frontier methodology was applied to validate the 

results obtained with DEA. Efficiency measurements were obtained using a computer 

model called FRONTIER version 4.1 (Coelli 1994). 

FRONTIER’s algorithm first computes a stochastic production function based on all the 

observations in the sample. The data set was converted to logarithms to allow the 

computer model to estimate a Cobb-Douglas production function. The production 

function used by FRONTIER to measure technical efficiency is mathematically 

represented in Equation 3.2. 

Eq. 3.2 In(¥,) = BinCX,) + (VV, + U,) i=1,2,...,n, and t =1,2,...,¢ 

where Y,, is the production of the /-th firm in the /-th time period; 

X,, is a vector of inputs of the i-th logger in the /-th time period; 

V,, are random variables assumed to be N(0,ov’) and independent of U;,,; 

U, = Ujexp(-n(t-T)), where U; are non-negative random variables assumed to 

account for technical efficiency; 

1) is a parameter to be estimated. 

Each firm’s technical efficiency is calculated based on its distance from the stochastic 

frontier. With FRONTIER this measure is provided by the error term which account for 

random effects and technical inefficiency. The efficiency values obtained with 

FRONTIER were compared to those computed with DEA in regard to the average and 
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median technical efficiency. Ranked efficiency scores were also compared with the ranks 

obtained with the BCC and CCR models. 

3.3. Logging System Analysis 

3.3.1. Loading and Sorting Operations 

The three harvesting systems considered in the study are schematically represented in 

Figure 3.3. Systems | and 2 are common in the South, and detailed information was 

collected for each. In these systems, the loggers are expected to sort all stems at the 

landing. With System 2, an additional step is required by the logger to cut the trees into 

16 foot sections. The third system, often referred as "Woods run," is much less common. 

No logger participating in the study was structured this way. Time study observations 

were used to provide the necessary data required by DEA to measure the efficiency of a 

non-sort system. It is expected that DEA will yield important information on aggregate, 

technical, scale, and partial efficiency, making it easier to estimate the operating costs and 

potential savings of a wood runs! system. 

  

' Wood runs is a the term used in the South to describe logging operations for which logs are hauled 
unsorted to one destination. 
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system 1 Fell —» Skid&Limb—» _ Sort,Load —» Market(s) 

System 2 Fell —~» Skid & Limb —» Sort, Buck, Load —» Market(s) 

    System 3 Fell ——» Skid & Limb —> Load —> Market(s) 
  

Figure 3.3. Flow diagram for three logging processes considered in the analyses. 

Loading is a bottleneck operation on several logging sites; wood piles-up and skidders 

must often wait before coming on the landing. The more productive time is spent sorting, 

the longer trucks and skidders must wait before being processed. An attempt was made 

to estimate the productivity and costs associated with in-woods sorting. Subsequently a 

better judgment can be made on what intensity of sorting should be performed at the in- 

woods landing or at an off-site yard. 

The potential for performance improvement through reduced in-woods processing was 

estimated. Two contractors were selected based on the estimated impact of sorting on 

their productivity. First, adjustments to their production and costs were made based on 

the type of return to scale observed in their area of the envelope. Their technical 

efficiency was then re-evaluated based on the modified inputs and output. In a more 

general approach, DEA efficiency results were segregated in regard to the level and 

complexity of sorting operations for each logger. 

3.3.2. Field Study of Loading Operations 

A sample of logging contractors representing various in-woods sorting strategies was 

visited. Data documenting the impact of sorting operations were collected through 
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continuous time studies accomplished using a video camera. The information collected 

served to create hypothetical "non-sort" operations that were added in a separate DEA 

analysis. Alternatively, contractors may be grouped to reflect the complexity of their 

actual sorting duties. 

Six loading sites were visited. A total of 38 hours of operations was observed. Two of 

the operations had to “double-bunk” most of their output; the other four were hauling 

tree-length. One of the tree-length loggers was using a "pull-through" delimber. Each 

operation is briefly described in Table 3.4. 

  

  

Table 3.4 Description of observed loading operations 

Contractor __t-length/2-bunk = Number Comments 

Ratio of Sorts 

A 14 5 - Upto four trailers loaded 

simultaneously 

B .88 4 - All limbing and topping done in- 

woods 

B' 1.00 4 - As B, using different loader 
C 1.00 l - 100% hardwood pulpwood at time 

of visit 

D 17 4 - 40% hardwood at time of visit 
E 1.00 2 - Pull-through delimber 
  

Five work-elements were used to describe the loader’s operation: the actual time needed 

to pick-up a log, placing it on the log-trailer, and repositioning the boom was categorized 

as "Loading." "Sorting and Bucking" represents the time needed to shuffle the logs, 

move the logs between piles, and position the logs into the sawbuck or delimber. At 

regular intervals, the loader operator must remove debris from the sorting site; the 

amount of time spent clearing the landing and the sawbuck is included in "Cleaning." A 

few minutes were needed for "Positioning" every time a new trailer was loaded. Finally, 
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"waiting" included the time the loader was available but could not operate because of to 

the absence of wood or truck at the landing. “Waiting” also includes short delays such as 

communication with a coworker and customary paper work. 

Comparisons between loggers and their sorting strategies is difficult because of, among 

other factors, differences in productive time. Waiting delays were therefore removed 

from the original data to get a different look at how sorting and bucking may impact 

productivity when only up-time is considered (Table 3.5). A conversion factor of 25 tons 

per load was assumed in the analysis. 

Table 3.5 Productivity and distribution of productive time for the sorting study. 
  

  

Loading Buck & Sort Cleaning Trailer Productivity 

% % % % Tons/hour 

A 48 42 7 3 47 
B 56 34 2 8 94 
B' 45 43 | 11 86 
C 56 28 8 8 54 
D 55 40 2 3 3] 
E 39 46 11 4 34 
  

Assuming that sorting was not performed at the landing by the logger, but instead at a 

processing yard, loggers would likely enjoy higher productivity. Theoretically, if the 

loggers could decrease the sorting activities and use the difference for loading, and 

further assuming a linear relationship between loading time and production, more volume 

could be delivered by the same producers. It is not realistic to believe that all sorting 

could be eliminated. For example, loader operators always try to pre-select their stems to 

optimize load size. The proportion of sorting time assumed in Table 3.6 is 15% in pine 

stands and 28% in hardwoods. A ratio proportional to logger D's hardwood and pine 

volume was computed. 
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Table 3.6 Estimated production gains achievable through reduced sorting by the 

  

  

loader. 

Targeted Production Production Production 

Logger Sorting Actual Sort Minimum Sort Gain 

% Tons/Hour Tons/Hour Tons/Hour 

A 15 47 73 26 

B 15 94 126 32 

B' 15 86 140 54 

C 28 54 54 0 

D 20.2 31 42 17 

E 15 34 61 31     

The numbers presented in Table 3.6 are estimates based on time-studies of the potential 

productivity gains for loggers having relaxed sorting requirements. These figures were 

then compared with the loggers’ own estimates. Given limited sorts, logger A believed 

his operation has the capacity to handle 20 loads a day, seven more than his actual output. 

The estimated production gain of 26 tons/hour confirmed this contractor's assessment. 

Logger B agreed with the computed ‘igures but added that he would likely need to add 

trucks or be on a shorter haul to capitalize on the potential gain in harvesting/loading 

productivity. In all cases, operating cost adjustments would have to be considered. 

Two "hypothetical" logging jobs, based on sorting assumptions and actual logging costs, 

were assembled to evaluate how sorting may affect technical efficiency. The hypothetical 

observations were added to the large sample, and their efficiency was measured using 

DEA. If sorting was the major source of inefficiency, the hypothetical operations would 

be expected to define the best practice frontier, or at least experience a surge in relative 

technical efficiency. 
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3.3.3. Trucking Strategies 

The trucking side of a logging business has an important influence on productivity and 

efficiency. Trucking accounts for a large share of total owning and operating costs of a 

cut-and-haul contractors. A suitable hauling fleet commands large capital expenditures, 

competitive driver’s compensations, and continuous maintenance work. In addition, 

highway tax, fuel tax, permits, and insurance contribute to high overhead costs. Not 

surprisingly, several contractors prefer to contract their hauling operation and focus their 

energies on the harvesting side of the business. Truck scheduling, deciding at what 

interval and to which mill trucks should be routed, is a complex task whether a logger 

does his own trucking or contract-hanls. 

An attempt was made to categorize loggers with regard to hauling distance, number of 

trucks, and percentage of the volume moved by contract haulers. Few loggers provided 

sufficiently detailed cost information to conduct this type of analysis. Trends were 

studied, and general observations were applied to describe the relationship between 

trucking policy and technical efficiency. 

3.4. Summary 

A large data set covering a time-horizon of up to eight years was assembled. The 

financial and production information was screened for outliers, and a production function 

which accounted for at least 90 percent of all logging cost was selected. 

The efficiency envelope is computed three different ways. The CCR model defines a 

straight line envelope which assumes constant return to scale in technical efficiency. The 
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efficiency envelope computed with the BCC model allows for increasing, decreasing, or 

constant return to scale. With the parametric alternative efficiency scores are computed 

in relation to a regression-based envelope which attempts to minimize the sum of the 

deviations. All three models are included in Figure 3.4. All references to return to scale 

are made in relation to the efficiency envelope. 
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Figure 3.4 Side-by-side comparison of the efficiency envelope as computed by DEA 
and the parametric models. 

The results of the DEA and parametric models are presented in Chapter 4. Based on 

these results, in-depth analyses of the factors affecting technical efficiency are carried out 

in Chapters 5 and 6. 
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Chapter 4 EFFICIENCY MEASUREMENTS 

This chapter is intended as an “unfiltered” outlet for the efficiency measurement results. 

Any conclusions and comments included are mostly written to clarify the models’ inner 

workings. This chapter serves as the reference set for detailed analysis of the results 

included in Chapter 5 and 6. 

4.1. DEA Models 

DEA measures the technical efficiency of a unit by comparing its relative position in the 

data set with the efficiency standard, i.e., the envelope. A two-dimensional plot 

comprising each logger’s production expressed as the function of the sum of all inputs is 

provided in Figure 4.1. Line segments were drawn to envelop all observations. 

One observation, located at 150,000 tons and $1,200,000, forced the envelope outward. 

The exceptionally high efficiency of this unit impacted on the relative efficiency of 

several units located to the southeast of this junction point on the envelope. Loggers who 

would have otherwise been on or near the envelope were now located away from it. The 

high efficiency logger was identified and his records were scrutinized to find justification 

for the high efficiency. The year during which he achieved peak efficiency can be 

characterized by relatively low capital expenses and favorable work environment 

(complexity factor). But this logger’s ability to strategically deploy his operation, 

manage equipment, and his association with key operators should not be overlooked. No 

data entry errors were found, and it appeared that the logger was truly technically 

efficient. This observation was therefore kept in the analysis. Favorable environmental 
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conditions and sound managerial practices were suspected to explain a large part of this 

logger’s efficiency. In-depth analysis is included in the next chapter. 

250,000   

200,000 T ° 

150,000 | 

100,000 + 

Pr
od
uc
ti
on
 

(t
on
) 

50,000 | 

  

    0 | . _ — 
0 500,000 1,000,000 1,500,000 2,000,000 2,500,000 3,000,000 3,500,000 

Total Expenses ($) 

  

Figure 4.1. = The efficiency envelope when production is a function of the total 
expenses (Capital + Consumables + Labor). 

It must be noted that the envelope in Figure 4.1 is based on only one input -total 

expenses-, and is not entirely equivalent to the envelope DEA provided when three 

distinct inputs were considered. Nevertheless, it serves to illustrate the impact of a 

potential outlier on the relative efficiency of peer observations. 
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4.1.1. The BCC and CCR Models 

The first step in measuring technical efficiency involved running both a variable scale 

model (BCC) and a constant scale model (CCR). Computing and comparing efficiency 

scores from both models allows accounting for a wider range of inefficiency sources. 

Some evidence, such as the Cobb-Douglas production function’s parameters (section 

4.2), pointed towards the presence of variable return to scale in the sample. Using the 

CCR and the BCC models allows further testing for scale efficiencies and provides the 

opportunity to measure the impact of scale size in relation to overall technical efficiency. 

Technical efficiency ratios for each model are included in Table 4.1 . Each logger is 

identified by a letter, from A to W, and a number, from 1 to 8 used to differentiate years. 

When efficiency is measured with the BCC model, the mean efficiency score was 84%, 

while the median was 86%. The CCR yielded a mean efficiency of 79% and a median of 

82%. Both efficiency scores’ distribution had a standard deviation of 0.13. 

The difference between BCC and CCR efficiencies was largely due to the largest loggers 

which were in most cases rated as more efficient by the variable-returns-to-scale model 

than with the constant-returns-to-scale model. The discrepancies between the BCC and 

the CCR model are most noticeable for larger contractors and may indicate that 

decreasing returns-to-scale are setting in somewhere around the sample’s mid-size 

operations. The factors that could contribute to decreasing return to scale are explored in 

Chapter 6. Although early results indicated that scale or size affects efficiency, it is likely 

that other factors should be factored-in. 

Chapter 4. Efficiency Measurements 72



  

  

Table 4.1 Technical efficiency as measured with the BCC and the CCR models. 

Observation BCC CCR Observation BCC CCR 

1-Al 0.83 0.83 56-M3 0.70 0.66 

2-A2 0.86 0.86 57-M4 0.68 0.65 

3-A3 0.80 0.79 58-M5 0.68 0.63 

4-A4 0.67 0.67 59-M6 0.65 0.62 

5-Bl 0.88 0.87 60-M7 0.69 0.65 

6-B2 0.83 0.83 61-N1 0.87 0.86 

7-B3 0.84 0.80 62-N2 0.84 0.83 

8-B4 0.66 0.66 63-01 0.92 0.87 

9-C1 0.86 0.86 64-02 0.98 0.94 

10-C2 0.86 0.86 65-03 1.00 1.00 

11-C3 0.93 0.93 66-04 0.69 0.66 

12-C4 0.89 0.88 67-O5 0.65 0.62 

13-D1 0.88 0.87 68-P1 0.83 0.82 

14-D2 0.75 0.75 69-P2 0.89 0.87 

15-D3 0.61 6.60 70-P3 0.80 0.79 

16-D4 0.83 0.83 71-P4 0.92 0.90 

17-D5 0.89 0.88 72-P5 1.00 0.99 

18-D6 0.86 0.85 73-Q1 0.90 0.65 

19-D7 0.91 0.82 74-Q2 1.00 0.69 

20-D8 1.00 0.88 75-Q3 1.00 0.69 

21-El 1.00 0.87 76-Q4 1.00 0.65 

22-E2 0.99 0.96 77-Q1 1.00 0.66 

23-E3 1.00 0.96 78-R1 0.95 0.92 

24-E4 0.87 0.87 79-R2 0.89 0.86 

25-E5 0.87 0.87 80-R3 0.90 0.87 

26-E6 0.97 0.96 81-R4 0.87 0.86 

27-F1 1.00 1.00 82-R5 1.00 1.00 

28-F2 1.00 1.00 83-Sl 0.84 0.83 

29-G1 0.84 0.72 84-S2 0.97 0.96 

30-G2 0.93 0.80 85-S3 0.85 0.82 

31-H1 0.99 0.88 86-S4 0.86 0.82 

32-H2 1.00 0.90 87-S5 0.80 0.77 

33-H3 1.00 1.00 88-S6 0.83 0.78 

34-H4 0.98 0.88 89-S7 0.80 0.76 

35-H5 1.00 0.90 90-T1 0.60 0.58 

36-H6 0.94 0.89 91-T2 0.60 0.56 

37-11 1.00 1.00 92-T3 0.54 0.50 

38-[2 0.81 0.75 93-T4 0.58 0.54 

39-13 1.00 1.00 94-T5 0.64 0.58 

40-J] 1.00 0.99 95-Ul1 0.72 0.71 

41-J2 0.98 0.97 96-U2 0.67 0.67 

42-J3 1.00 1.00 97-U3 0.76 0.75 

43-J4 0.91 0.90 98-U4 0.72 0.72 
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Observation BCC CCR Observation BCC CCR 

44-K1 0.88 0.87 99-US5 0.74 0.73 

45-K2 0.76 0.76 100-V1 0.61 0.60 

46-K3 0.90 0.89 101-V2 0.65 0.63 

47-K4 0.78 0.77 102-V3 0.66 0.64 

48-K5 0.78 0.77 103-V4 0.58 0.56 

49-L1 0.92 0.90 104-V5 0.63 0.63 

50-L2 0.85 0.84 105-W1 0.73 0.62 

51-L3 0.73 0.72 106-W2 0.82 0.67 

52-L4 0.76 €.75 107-W3 0.90 0.71 

53-L5 0.97 0.78 108-W4 0.98 0.75 

54-M1 0.68 0.63 109-W5 0.96 0.78 

55-M2 0.66 0.62   
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Loggers were divided into three categories based on their efficiency ratios (Table 4.2). 

Loggers with an efficiency of 90% and above were deemed efficient. Those with 

efficiency between 80 and 90 % were deemed partially-efficient. Loggers with an 

efficiency ratio smaller than 80% were categorized as less-efficient?. 

These break-off points paralleled the categories used by Bonaplata (1995) in a similar 

analysis. However, the main reason why they were arbitrarily selected is to reflect the 

author’s belief that any loggers located within 10% of the envelope should be considered 

technically efficient, especially in light of the variability in the wood procurement 

system. The next group, those between 80 and 90%, are within reach of better efficiency, 

while those below 80% probably experienced a major set-back, or would require more 

drastic changes in their environment or operation to get closer to the envelope. But above 

everything else, these three categories were used to make a first partition of all the data 

points. 

  

* The term “less-efficient” was preferred to “inefficient” because it is less pejorative, and better reflects the 

relative nature of the efficiency measurements. 
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Table 4.2 Efficient, partially-efficient, and less efficient units as measured with the 

BCC and CCR models. 

Efficient Partially Efficient Less Efficient 

BCC CCR BCC CCR BCC CCR 
20-D8 27-F 1 79-R2 46-K3 70-P3 70-P3 

21-El 28-F2 17-D5 36-H6 86-S4 3-A3 

23-E3 33-H3 12-C4 31-H1 87-S5 88-S6 

27-F 39-[3 69-P2 17-D5 47-K4 109-W5 

28-F2 42-J3 13-D1 20-D8 48-KS5S 53-L5 

32-H2 65-03 5-B1 34-H4 45-K2 47-K4 

33-H3 82-R5 44-K] 12-C4 §2-L4 87-S5 

35-HS5 37-11 61-N1 44-K] 97-U3 48-K5 

37-11 40-J1 24-E4 69-P2 14-D2 89-S7 

39-13 72-P5 25-ES 80-R3 99-U5 45-K2 

40-J1 41-J2 81-R4 13-D1 105-W1 97-U3 

42-J3 26-E6 9-C] 24-E4 51-L3 108-W4 

65-03 84-S2 2-A2 5-Bl 98-U4 52-L4 

72-P5 22-E2 10-C2 63-O1 95-U1 38-12 

74-Q2 23-E3 18-D6 21-El 56-M3 99-U5 

75-Q3 64-02 50-L2 25-ES 66-04 29-G1 

76-Q4 11-C3 85-S3 61-N1 60-M7 $1-L3 

77-Q1 78-R1 83-S] 79-R2 54-M1 98-U4 

82-R5 71-P4 62-N2 9-Cl 57-M4 107-W3 

22-E2 49-L 1 7-B3 81-R4 58-M5 95-U1 

31-H1 35-H5 29-G1 2-A2 96-U2 14-D2 

108-W4 43-J4 88-S6 10-C2 4-A4 74-Q2 

4]-J2 32-H2 16-D4 18-D6 102-V3 75-Q3 

64-O2 1-Al 50-L2 8-B4 96-U2 

34-H4 6-B2 83-S1 55-M2 106-W2 

26-E6 68-P1 62-N2 67-O5 4-A4 

84-S2 106-W2 16-D4 101-V2 56-M3 

53-L5 38-12 1-Al 59-M6 8-B4 

109-W5 89-S7 6-B2 94-TS 66-04 

78-Ri 3-A3 19-D7 104-V5 77-Q1 

36-H6 85-S3 15-D3 73-Q1 

11-C3 86-S4 100-V1 60-M7 

30-G2 68-P1 90-T1 57-M4 

49-L1 30-G2 91-T2 76-Q4 
63-O1 7-B3 93-T4 102-V3 

71-P4 103-V4 101-V2 

43-J4 92-T3 58-M5 

19-D7 54-M1 

107-W3 104-V5   
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Efficient Partially Efficient Less Efficient 

BCC CCR BCC CCR BCC CCR 

46-K3 105-W1 

73-Q1 67-O5 

80-R3 55-M2 

59-M6 

15-D3 

100-V 1 

94-T5 

90-T1 

91-T2 

103-V4 

93-T4 

92-T3 

  

    
  

The results displayed in Table 4.2 were summed up per category and are plotted in Figure 

4.2. 
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Figure 4.2. Number of Efficient, Partially-Efficient, and Less-Efficient loggers. 
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Using the CCR model, 23 contractors were efficient, 35 were partially efficient, and 51 

were rated as less-efficient. If the BCC model is used, the number of efficient, partially 

efficient, and less efficient units were 42, 30, and 37, respectively. 

The results implied that approximately one-third of the contractors in the sample were 

“‘less-efficient”. This indicated the possibility of identifying areas for improvements. 

Partial efficiency measurements for each of the three inputs were necessary to find the 

potential causes of sub-efficiency. 
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4.1.2. Partial Efficiency (Non-Radial Efficiency) 

Partial efficiency measurements provide information regarding the rate at which each 

input factor is transformed into output. Two models were used to measure partial 

efficiency: the Asymmetric-Fare (AF) model, and the Fare-Lovell (FL) model. When 

using the AF model, each input is scaled down, in turn, to the envelope while holding the 

other inputs constant. Using the FL model, each input is scaled by a different proportion 

to match the inefficient observation with another one located on the efficiency envelope. 

The difference between the two 1s largely academic. Still, both were used to investigate 

whether differences between the two models could yield information on single input 

flexibility. Both models provided similar results (Table 4.3). 

Table 4.3 

and the Fare-Lovell models. 

Partial-efficiency measurements as computed with the Asymmetric-Fare 

  

Asymmetric-Fare Fare-Lovell 

  

    

Observation Code | Capital Consumables Labor Capital Consumables Labor 

] Al 0.29 0.50 0.82 0.37 0.68 0.89 

2 A2 0.32 0.55 0.85 0.41 0.77 0.92 

3 A3 0.22 0.36 0.80 0.28 0.49 0.87 

4 A4 0.19 0.50 0.65 0.28 0.69 0.70 

5 Bl 0.46 0.63 0.86 0.46 0.88 1.00 

6 B2 0.39 0.61 0.80 0.53 0.84 0.86 

7 B3 0.70 0.66 0.78 0.74 0.76 0.88 

8 B4 0.27 0.52 0.62 0.38 0.74 0.77 

9 Cl 0.34 0.54 0.84 0.45 0.74 0.92 

10 C2 0.46 0.76 0.84 0.50 1.00 0.93 

1] C3 0.40 0.72 0.93 0.40 1.00 1.00 

12 C4 0.41 0.68 0.87 0.51 0.96 0.92 

13 D1 0.38 0.60 0.86 0.45 0.87 0.93 

14 D2 0.26 0.59 0.73 0.35 0.84 0.79 

15 D3 0.30 0.40 0.58 0.35 0.59 0.69 

16 D4 0.44 0.63 0.81 0.46 0.89 0.91 

17 D5 0.45 0.71 0.87 0.48 1.00 0.94 

18 D6 0.51 0.81 0.80 0.54 1.00 0.85 

19 D7 0.43 0.90 0.83 0.48 1.00 0.86 

20 D8 0.53 0.86 1.00 0.57 1.00 0.92 
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Asymmetric-Fare Fire-Lovell 

  

    

Observation Code | Capital Consumables Labor Capital Consumables Labor 

21 El 1.00 1.00 1.00 1.00 1.00 1.00 

22 E2 0.95 0.98 0.98 0.95 1.00 1.00 

23 E3 0.98 0.99 0.99 0.98 1.00 1.00 

24 E4 0.43 0.66 0.86 0.54 0.90 0.90 

25 ES 0.42 0.71 0.85 0.54 0.97 0.89 

26 E6 0.70 0.78 0.97 0.80 0.87 1.00 

27 Fl 1.00 1.00 1.00 1.00 1.00 1.00 

28 F2 1.00 1.00 1.00 1.00 1.00 1.00 

29 Gl 0.56 0.85 0.63 0.57 1.00 0.71 

30 G2 0.80 0.88 0.93 0.92 0.88 0.93 

31 Hl 0.83 0.96 0.98 0.84 1.00 0.99 

32 H2 1.00 1.00 1.00 1.00 1.00 1.00 

33 H3 1.00 1.00 1.00 1.00 1.00 1.00 

34 H4 0.77 0.86 0.98 0.82 0.92 0.98 

35 H5 1.00 1.00 1.00 1.00 1.00 1.00 

36 H6 0.75 0.70 0.94 0.75 0.84 1.00 

37 3 1.00 1.00 1.00 1.00 1.00 1.00 

38 12 0.38 0.80 0.85 0.39 0.82 0.79 

39 13 1.00 1.00 1.00 1.00 1.00 1.00 

40 Jl 1.00 1.00 1.00 1.00 1.00 1.00 

4l J2 0.94 0.96 0.90 0.98 1.00 0.91 

42 J3 1.00 1.00 1.00 1.00 1.00 1.00 

43 J4 0.64 0.83 0.85 0.66 1.00 0.97 

44 Kl 0.34 0.51 0.87 0.38 0.72 0.95 

45 K2 0.31 0.60 0.73 0.41 0.86 0.79 

46 K3 0.25 0.54 0.89 0.32 0.76 0.97 

47 K4 0.32 0.53 0.78 0.36 0.76 0.83 

48 K5 0.27 0.46 0.76 0.32 0.66 0.84 
49 Li 0.47 0.62 0.91 0.46 0.82 1.00 

50 L2 0.42 0.47 0.83 0.43 0.67 0.95 

51 L3 0.28 0.67 0.75 0.33 0.91 0.76 

52 L4 0.48 0.53 0.73 0.46 0.63 0.81 

53 LS 0.41 0.85 0.98 0.41 0.80 0.82 

54 MI 0.33 0.66 0.55 0.35 0.92 0.69 

55 M2 0.32 0.56 0.56 0.35 0.82 0.73 

56 M3 0.27 0.69 0.60 0.46 0.93 0.62 

57 M4 0.30 0.59 0.61 0.33 0.87 0.76 

58 MS 0.38 0.59 0.56 0.39 0.83 0.72 

59 M6 0.32 0.55 0.56 0.36 0.78 0.71 

60 M7 0.35 0.59 0.58 0.40 0.83 0.72 

61 Nl 0.43 0.68 0.85 0.43 0.97 0.95 

62 N2 0.39 0.67 0.83 0.41 0.90 0.90 

63 Ol 0.76 0.88 0.63 0.86 1.00 0.68 

64 O02 1.00 0.84 0.88 1.00 0.85 0.88 
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Asymmetric-Fare Fare-Lovell 

  

Observation | Code | Capital Consumables Labor Capital Consumables Labor 

65 03 1.00 1.00 1.00 1.00 1.00 1.00 

66 04 0.55 0.57 0.56 0.66 0.70 0.62 

67 O5 0.52 0.52 0.56 0.62 0.67 0.63 

68 Pl 0.30 0.38 0.82 0.38 0.53 0.91 

69 P2 0.37 0.39 0.88 0.40 0.57 0.97 

70 P3 0.30 0.44 0.79 0.36 0.64 0.86 

71 P4 0.44 0.47 0.92 0.45 0.67 0.99 

72 P5 1.00 1.00 1.00 1.00 1.00 1.00 

73 Ql 0.63 0.95 0.90 0.74 0.9] 0.85 

74 Q2 1.00 1.00 1.00 1.00 1.00 1.00 

75 Q3 1.00 1.00 1.00 1.00 1.00 1.00 

76 Q4 1.00 1.00 1.00 1.00 1.00 1.00 

77 Ql 1.00 1.00 1.00 1.00 1.00 1.00 

78 Rl 0.80 0.91 0.86 0.80 1.00 1.00 

79 R2 0.62 0.81 0.80 0.69 1.00 0.88 

80 R3 0.67 0.84 0.78 0.75 1.00 0.86 

81 R4 0.55 0.82 0.83 0.64 1.00 0.90 

82 R5 1.00 1.00 1.00 1.00 1.00 1.00 

83 S! 0.47 0.55 0.82 0.48 0.75 0.96 

84 S2 0.74 0.66 0.97 N/A N/A N/A 

85 $3 0.42 0.67 0.89 0.44 0.77 0.90 

86 S4 0.33 0.66 0.89 0.36 0.73 0.89 

87 S5 0.35 0.60 0.89 0.37 0.69 0.86 

88 S6 0.42 0.55 0.88 0.43 0.73 0.85 

89 $7 0.32 0.68 0.81 0.34 0.71 0.83 

90 Ti 0.30 0.51 0.56 0.30 0.71 0.72 

91 T2 0.32 0.54 0.53 0.32 0.75 0.66 

92 T3 0.27 0.53 0.47 0.40 0.70 0.49 

93 T4 0.31 0.53 0.50 0.31 0.74 0.61 

94 T5 0.44 0.52 0.49 0.45 0.73 0.64 

95 UI 0.32 0.47 0.69 0.37 0.70 0.78 

96 U2 0.50 0.53 0.64 0.46 0.71 0.71 

97 U3 0.57 0.74 0.71 0.61 0.82 0.76 

98 U4 0.59 0.65 0.64 0.63 0.77 0.68 

99 US 0.49 0.65 0.70 0.57 0.80 0.76 

100 V1 0.25 0.53 0.61 0.30 0.67 0.63 

101 V2 0.29 0.69 0.57 0.30 0.82 0.64 

102 V3 0.42 0.54 0.66 0.33 0.71 0.68 

103 V4 0.30 0.46 0.58 0.31 0.67 0.55 

104 V5 0.34 0.62 0.71 0.35 0.70 0.66 

105 Wi 0.43 0.72 0.78 0.43 0.69 0.65 

106 W2 0.49 0.78 0.77 0.49 0.76 0.74 

107 W3 0.65 0.84 0.86 0.67 0.84 0.84 

108 W4 0.60 1.00 0.94 0.60 0.97 0.82   
Chapter 4. Efficiency Measurements 

  
81



  

  

  

Asymmetric-Fare Fare-Lovell 

Observation Code Capital Consumables Labor Capital Consumables Labor 

109 W5 0.39 0.96 1.00 0.39 0.97 0.77 

Mean 0.55 0.72 0.81 0.58 0.85 0.85 

Median 0.44 0.67 0.84 0.46 0.85 0.88 

25" Percentile 0.33 0.54 0.71 0.38 0.73 0.76 

75" Percentile 0.76 0.88 0.94 0.76 1.00 0.98     
  

Logging contractors had difficulty achieving high efficiency in regard to capital. This is 

clearly the less efficient of the three inputs. As expected, both models provided similar 

results, with generally higher scores when using the Fare-Lovell formulation. The partial 

efficiency for consumables was significantly higher with the FL model as compared to 

the AF model. Beside the fact that different peers may be selected by the two models, it 

remained unclear what may have caused this discrepancy. 

A better appreciation of the sample’s distribution in regard to each input can be gained by 

using three-dimensional figures. Partial efficiency ratios (Asymmetric-Fare) from Table 

4.1 were used to build three-dimensional plots. The AF model was preferred over the FL 

model because of its straight-line, one-dimensional interpretation (Chapter 2, Figure 2.8). 

AF partial efficiency results are plotted in Figure 4.3 and Figure 4.4. Two views from 

different angles were presented to accurately portray the distribution along all three axes. 

For all practical purposes, the top, left, and front planes can be conceived as the envelope. 

The further away from one of these three plane the observation lies, the less efficient it is 

in regard to that factor. Eight observations were highlighted and sequentially linked to 

demonstrated how partial efficiency may vary from year to year for a given contractor 

(logger D). 
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Figure 4.3 Three-dimensional plot of non-radial efficiency as measured with the AF 
model. Logger D highlighted (View A). 
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Figure 4.4 = Three-dimensional plot of non-radial efficiency as measured with the AF 
model. Logger D highlighted (View B). 
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Partial efficiency in regard to capital had the lowest average of all three factors. From 

Figure 4.3 it can be seen that most observations are closely clustered in the right side of 

the graph. Only a few contractors have registered high capital efficiency, at a level most 

could not match. While this is obvious from Figure 4.3, it can also be observed in Table 

4.1 from the median, first, and third quartile values that the distribution of capital 

efficiency is not symmetrical: very few loggers enjoyed high capital efficiency, while a 

majority fell far from the frontier. Two approaches were identified for those loggers with 

high capital efficiency: some were using depreciated -older- equipment, while others 

enjoyed high capacity utilization as they were not required to carry excess capacity. The 

advantages and drawbacks of each of these two approaches are later discussed. The 

observations were also tightly grouped in regard to consumables efficiency (Figure 4.4), 

although there seems to be a wider range of ratios achieved. 

Partial efficiency with regard to labor is clearly displayed in both Figures. Two clusters 

are apparent: those observations which lay below labor efficiency of 0.70, and those 

which lay above. There were few common treads linking the lower observations. Some 

characteristics identified included; a) low capital input, which may indicate older 

equipment requiring frequent repairs; b) family operations, which tend to have more 

generous compensation packages; c) high hardwood composition, which often requires 

more of all inputs. 

Despite the two clusters, the vast majority of contractors achieved similar efficiency level 

in the application of labor. This was to be expected since all contractors used similar 

equipment and have similar labor requirements. Moreover, labor is strictly regulated by 

government. 
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4.1.3. Weight Constraints 

No restrictions are imposed to factor weights in DEA’s most basic formulations. 

Advantages and disadvantages of this characteristic were discussed in the methodology 

section. Factor weights were obtained using model MS. 

When factor weights were allowed to take any positive value, several observations placed 

all weight on only one or two of the three inputs. The number of observations with 

factor weights equal to zero for Capital, Consumables, and Labor, respectively, is 9,10, 

and 11 for the CCR model, 45, 24, 14 for the BCC model. While it is important that each 

logger be allowed to be evaluated through a flexible weight system, a minimum 

consideration to each input must be given. A weight of zero, meaning that the input is 

completely disregarded, is clearly unacceptable. 

Consequently, a “minor” restriction was imposed on factor weight through a set of 

constraints common to all units. The selected constraints were designed to restrict the 

range of values each weight was allowed to take, while providing enough latitude so that 

the fractional linear problem had a feasible solution. Trial and error was used to set 

weight constraints as: 

0.00001 < v, < 0.0005 

These constraints allowed for large disparities in factor weight among units. Yet, their 

impact was noticeable. While the vast majority of the efficiency ratios remained 

practically unchanged, seven and six units had a decrease in efficiency of 5% or more 

with the CCR and BCC model respectively. 

The factor weights remained largely unchanged when the constraints were applied. 

Overall labor was given a higher weight, indicating that several loggers were most 
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efficient in the use of human resources. The average factor weight for each model is 

shown in Table 4.4. 

Table 4.4 Average factor weight for the CCR and BCC models. 
  

  

  

Model Capital Consumables Labor 

CCR Constrained 0.00015 0.00014 0.00024 

Unconstrained 0.00010 0.00016 0.00023 

BCC Constrained 0.00012 0.00016 0.00024 

Unconstrained 0.00012 0.00018 0.00021   
  

The effect of factor weight on technical efficiency was further tested by imposing stricter 

constraints to the BCC model. The weights were: 

0.0001 < v, < 0.0005 

Several observations could not be rationalized with this set of constraints, and the 

outcome of placing tighter constraints was mostly inconclusive. The overall ranking 

remained about the same; the most efficient units were still efficient and the less efficient 

ones were stil] inefficient. The Spearman’s coefficient of correlation between weight-free 

and the weight-restricted models was 0.92. Nevertheless, some units varied by more than 

10%, four of them experiencing a dramatic decrease in efficiency of more than 20%. 

Choosing stricter weights is unlikely to drastically change the ranking of individual 

efficiencies. Using constraints on factor weights did help identify contractors who would 

be significantly less efficient if all inputs were valued more equally. In its stricter form, 

with all factors having equal weight, the efficiency ranking would be identical to what 

one would have obtain simply by dividing total output by the sum of the inputs (tons/$). 

DEA must not be so constrained as to only confirm management’s intuitive efficiency 

evaluation. It should be carried out to challenge the common wisdom of what comprises 

Chapter 4. Efficiency Measurements 86



efficiency (Allen et al. 1996). For example, unit 64-O2 was deemed more efficient than 

63-O1. This went against common wisdom since the cost per ton was higher for 64-O2. 

Further investigation revealed the logger’s business environment was so constrained by 

wood orders that the only thing he could do that year was to adjust (minimize) capital 

spending. At the time, this logger was faced with very low but stable wood orders. 

During dry weather his quota could be filled by mid-week, a day or two later if a 

mechanical breakdown occurred. By operating older equipment, he lowered capital 

outlays and minimized his total cost: his labor tended to be fixed because he made a 

conscious effort to maintain a predictable level of take-home pay, and consumables 

tended to follow production. Instead of having his labor sitting around doing nothing 

while on quota, he paid them to repair and maintain the equipment. 

4.1.4. Scale Size and Scale Efficiency 

Some contractors displayed a large difference between their efficiency score computed 

with the CCR model and their score obtained with the BCC model. By taking the ratio of 

the CCR model over the BCC model, a measure of scale efficiency was obtained. A 

Scale Efficiency (SE) of 100 % indicates that the unit was not penalized by its scale size. 

All values smaller than 100 % indicates that aggregate efficiency was at least partially 

impacted by the scale of operation. Scale efficiency were included in the column titled 

“SE” in Table 4.5. 

A contractor may operate in a region of increasing, constant, or decreasing returns to 

scale (RTS). RTS is measured in relation to the peer units located on the envelopment 

surface. In Table 4.5, the column titled “RTS” indicates whether a contractor 

experienced increasing (I), decreasing (D), or constant (C) returns to scale. For example, 

logger 32-H2 had an SE of .90 and was experiencing increasing returns to scale. This 
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logger seized some opportunities to expand his operation. The following year he had 

improved his scale and overall technical efficiency. 

  

  

Table 4.5 Scale efficiency (SE) and returns to scale (RTS) experienced. 

Observation BCC CCR SE RTS Observation BCC CCR SE RTS 

1-Al 0.83 0.83 0.99 D 56-M3 0.70 0.66 0.94 I 

2-A2 0.86 0.86 1.00 D 57-M4 0.68 0.65 0.96 I 

3-A3 0.80 0.79 0.98 D 58-MS5 0.68 0.63 0.92 I 

4-A4 0.67 0.67 1.00 J 59-M6 0.65 0.62 0.96 I 

5-Bl 0.88 0.87 0.99 D 60-M7 0.69 0.65 0.95 J 

6-B2 0.83 0.83 1.00 D 61-N1 0.87 0.86 0.99 D 

7-B3 0.84 0.80 0.95 I 62-N2 0.84 0.83 0.99 D 

8-B4 0.66 0.66 1.00 I 63-O1 0.92 0.87 0.95 J 

9-C] 0.86 0.86 0.99 D 64-02 0.98 0.94 0.97 I 

10-C2 0.86 0.86 1.00 D 65-03 1.00 1.00 1.00 I 

11-C3 0.93 0.93 1.00 D 66-04 0.69 0.66 0.96 I 

12-C4 0.89 0.88 0.99 D 67-05 0.65 0.62 0.95 I 

13-D1 0.88 0.87 0.99 D 68-P1 0.83 0.82 0.99 D 

14-D2 0.75 0.70 0.94 D 69-P2 0.89 0.87 0.99 D 

15-D3 0.61 0.60 0.99 D 70-P3 0.80 0.79 0.99 D 

16-D4 0.83 0.83 0.99 D 71-P4 0.92 0.90 0.99 D 

17-D5 0.89 0.88 0.99 D 72-P5 1.00 0.99 0.99 D 

18-D6 0.86 0.85 1.00 I 73-Q1 0.90 0.65 0.72 D 

19-D7 0.91 0.82 0.91 D 74-Q2 1.00 0.69 0.69 D 

20-D8 1.00 0.88 0.88 D 75-Q3 1.00 0.69 0.69 D 

21-E1 1.00 0.87 0.87 I 76-Q4 100 0.65 0.65 D 

22-E2 0.99 0.96 0.97 J 77-Q1 1.00 0.66 0.66 D 

23-E3 1.00 0.96 0.96 ] 78-R1 0.95 0.92 0.96 I 

24-E4 0.87 0.87 1.00 I 79-R2 0.89 0.86 0.97 I 

25-ES 0.87 0.87 1.00 J 80-R3 0.90 0.87 0.97 I 

26-E6 0.97 0.96 0.99 D 81-R4 0.87 0.86 0.99 I 

27-F1 1.00 1.00 1.00 C 82-R5 1.00 1.00 1.00 Cc 

28-F2 1.00 1.00 1.00 C 83-S1 0.84 0.83 0.99 D 

29-G1 0.84 0.72 0.87 I 84-S2 0.97 0.96 0.99 D 

30-G2 0.93 0.80 0.87 I 85-S3 0.85 0.82 0.97 D 

31-H1 0.99 0.88 0.90 I 86-S4 0.86 0.82 0.95 D 

32-H2 1.00 0.90 0.90 J 87-S5 0.80 0.77 0.96 D 

33-H3 1.00 1.00 1.00 C 88-S6 0.83 0.78 0.94 D 

34-H4 0.98 0.88 0.90 ] 89-S7 0.80 0.76 0.95 D 

35-H5 1.00 0.90 0.90 I 90-T1 0.60 0.58 0.97 I 

36-H6 0.94 0.89 0.94 I 91-T2 0.60 0.56 0.93 I 
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Observation BCC CCR SE RTS Observation BCC CCR SE RTS 

37-1] 1.00 1.00 1.00 C 92-T3 0.54 0.50 0.93 J 

38-12 0.81 0.75 0.93 D 93-T4 0.58 0.54 0.93 I 

39-13 1.00 1.00 1.00 C 94-T5 0.64 0.58 0.91 I 

40-J1 1.00 0.99 0.99 I 95-U]1 0.72 0.71 0.98 D 

41-J2 0.98 0.97 0.99 ] 96-U2 0.67 0.67 1.00 D 

42-J3 1.00 1.00 1.00 C 97-U3 0.76 0.75 0.99 I 

43-J4 0.91 0.90 0.99 I 98-U4 0.72 0.72 0.99 ] 

44-K1 0.88 0.87 1.00 D 99-U5 0.74 0.73 0.99 I 

45-K2 0.76 0.76 1.00 D 100-V1 0.61 0.60 0.98 D 

46-K3 0.90 0.89 0.99 D 101-V2 0.65 0.63 0.97 D 

47-K4 0.78 0.77 0.99 D 102-V3 0.66 0.64 0.96 D 

48-K5 0.78 0.77 0.99 D 103-V4 0.58 0.56 0.97 D 

49-L1 0.92 0.90 0.98 D 104-V5 0.63 0.63 1.00 D 

50-L2 0.85 0.84 0.98 D 105-W1 0.73 0.62 0.86 D 

$1-L3 0.73 0.72 0.99 D 106-W2 0.82 0.67 0.82 D 

52-L4 0.76 0.75 0.99 D 107-W3 0.90 0.71 0.79 D 

53-L5 0.97 0.78 0.80 D 108-W4 0.98 0.75 0.77 D 

54-M]1 0.68 0.63 0.92 ] 109-W5 0.96 0.78 0.81 D 

55-M2 0.66 0.62 0.95 ] 

4.1.5. Input Slacks 

Single-stage models provide an accurate measure of the efficiency ratio. However, to be 

efficient, a unit must not only have an efficiency ratio of 1, it must not have any input 

excess, or output slacks. Only the two-stage models provide an accurate measure of 

output slacks and input excess (s,e). 

Model M6 was used to verify if any of the unit-efficient observations had output slacks or 

input excesses. No slacks/excess were observed on the CCR results. All efficient 

observations, those with an efficiency ratio of 1, were truly efficient. Three observations 

deemed efficient with the BCC model had input excess. 
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Table 4.6 Results from the two-stage BCC model used to measure input excess. 
  

Input Excess 
  

  

Logger Capital Consumables Labor 

20-D8 14,000 42,000 0 

23-E3 1,772 0 0 
76-Q4 133,000 29,853 176,943 
  

DMUs 20-D8 and 76-Q4 had considerable input excesses, while DMU 23-E3 only had 

insignificant excess. Consequently, it became unclear whether units 20 and 76 should be 

considered as part of the efficient group at all. 

4.2. The Parametric Model (FRONTIER) 

4.2.1. Model Description 

A parametric model was used as a means of providing alternative efficiency measures to 

corroborate the DEA results. FRONTIER, the model used for this purpose, was written 

by Coelli (1994) and provides maximum likelihood estimates of frontier production 

functions. 

FRONTIER was used to measure the relative technical efficiency of the logging 

contractors. The data set included all 109 observations - all the yearly figures available 

for the 23 loggers. The following production standard was obtained: 

Production = e°? (CAPITAL) "* (CONSUMABLES) (LABOR) 
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The total elasticity of output was measured by taking the sum of each factor’s coefficient: 

0.1144 + 0.2428 + 0.5568 = 0.914 <1] 

If significant, a total value smaller than 1 would be indicative of decreasing return to 

scale in the sample. A t-test provided indication that the estimate is significant at a = 

0.05 (t=4.16, p-value < .0005). This result mathematically confirms intuitive and 

graphical indication of the variable returns to scale observed in regard to the DEA 

envelope. 

4.2.2. Efficiency Results Obtained with the Parametric Model 

Median technical efficiency for the sample was 0.89. The mean technical efficiency was 

0.86, with a standard deviation of 0.08. The median efficiency obtained with the BCC 

and the CCR models was 0.86, and 0.82 respectively. The range in efficiency was 0.37, 

considerably narrower than the range of 0.46 and 0.50 with the BCC and CCR models. 

The narrower range was expected, however, since the parametric model attempts in its 

formulation to minimize the deviation between the observations and the efficiency 

standard. The efficiency results are presented in Table 4.7. 
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Table 4.7 Technical efficiency measures obtained with the parametric model. 

DMU_ Efficiency} DMU_ Efficiency] DMU _ Efficiency; DMU _ Efficiency 

1-Al 0.85 28-F2 0.93 $5-M2 0.72 82-R5 0.97 

2-A2 0.89 29-G]1 0.74 56-M3 0.75 83-S] 0.88 

3-A3 0.76 30-G2 0.85 57-M4 0.74 84-S2 0.94 

4-A4 0.73 31-H! 0.90 58-M5 0.72 85-S3 0.92 

5-Bl 0.90 32-H2 0.91 59-M6 0.72 86-S4 0.91 

6-B2 0.88 33-H3 0.94 60-M7 0.75 87-S5 0.88 

7-B3 0.87 34-H4 0.89 61-N1 0.93 88-S6 0.90 

8-B4 0.75 35-H5 0.91 62-N2 0.92 89-S7 0.89 

9-Cl 0.89 36-H6 0.88 63-Ol 0.84 90-T1 0.67 

10-C2 0.93 37-11 0.97 64-02 0.79 91-T2 0.66 

11-C3 0.94 38-12 0.89 65-O3 0.85 92-T3 0.61 

12-C4 0.92 39-[3 0.97 66-04 0.75 93-T4 0.63 

13-D1 0.93 40-J1 0.95 67-O5 0.74 94-TS 0.67 

14-D2 0.84 41-J2 0.94 68-P1 0.84 95-U1 0.83 

15-D3 0.71 42-J3 0.95 69-P2 0.88 96-U2 0.81 

16-D4 0.91 43-J4 0.94 70-P3 0.85 97-U3 0.89 

17-DS 0.94 44-K1 0.88 71-P4 0.92 98-U4 0.84 

18-D6 0.94 45-K2 0.86 72-P5 0.95 99-U5 0.87 

19-D7 0.93 46-K3 0.90 73-Q1 0.85 100-V 1 0.75 

20-D8 0.95 47-K4 0.87 74-Q2 0.89 101-V2 0.78 

21-El 0.89 48-K5 0.84 75-Q3 0.88 102-V3 0.79 

22-E2 0.94 49-L1 0.94 76-Q4 0.85 103-V4 0.71 

23-E3 0.94 50-L2 0.89 77-Q1 0.86 104-V5 0.79 

24-E4 0.90 51-L3 0.86 78-R1 0.93 105-WI1 0.81 

25-E5 0.90 52-L4 0.86 79-R2 0.92 106-W2 0.85 

26-E6 0.95 53-L5 0.91 80-R3 0.91 107-W3 0.89 
27-F1 0.91 54-M1 0.70 81-R4 0.93 108-W4 0.91 

109-W5 0.92 

4.2.3. | Correlation Between Frontier and DEA 

A high correlation was found between the efficiency results obtained with the parametric 

model and the DEA models. The Spearman’s coefficient of correlation provided values 

of 0.79 and .88, respectively, for the BCC and the CCR models, while the parametric 

Pearson’s correlation ratios were 0.85 and 0.87. 
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All three models strongly agreed in their ranking of the top and bottom 10 loggers (Table 

4.8). Underlined DMUs were those for which only one model had placed it in the top or 

bottom 10. In most cases, the underlined DMUs were ranked within the next 5 to 10 

units by the other models. The only exceptions to this statement were units 76-Q4, 75- 

Q3, and 74-Q2, which were ranked in the top 10 by the BCC model and in the bottom 

half by both the parametric and the CCR models. The discrepancy was entirely due to the 

BCC consideration for scale size. Logger Q has, by far, the largest operation in the 

sample. 

Table 4.8 Top and bottom ten contractors as obtained with the Frontier, CCR 

  

  

and BBC models. 

Top Ten Units Bottom Ten Units 

Frontier CCR BCC Frontier CCR BCC 

39-]3 82-R5 82-R5 92-T3 92-T3 92-T3 

37-1] 42-J3 76-04 93-T4 93-T4 103-V4 

82-R5 39-13 75-93 91-T2 103-V4 93-T4 

20-D8 37-J] 74-Q2 90-T| 91-T2 91-T2 

26-E6 72-P5 72-P5 94-T5 94-T5 90-T1 

40-J1 40-J1 65-03 54-M1 90-T1 100-V1 

42-J3 41-J2 42-J3 15-D3 100-V1 15-D3 

72-P5 26-E6 40-31 103-V4 15-D3 104-V5 

43-34 65-03 39-13 55-M2 59-M6 94-T5 

23-E3 84-S2 37-11 58-M5 58-M5 101-V2   
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4.3. Summary 

DEA provided results that were consistent with those of the stochastic frontier approach. 

Of the two DEA models used, the CCR model had the higher correlation coefficient with 

the parametric model. The difference was attributed to BCC’s acknowledgment of scale 

inefficiency. 

With the assurance that DEA measured technical efficiency in a satisfactory fashion, 

detailed analyses were carried out. The results of these analyses are included Chapter 5. 
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Chapter 5 ECONOMIC AND PHYSICAL ENVIRONMENT 

In this chapter, the results from the DEA models are placed into their contextual 

environment. The economic environment affected production and investment strategies, 

and it cannot be ignored in a study aimed at measuring technical efficiency. The general 

economic conditions measured through annual production and cost information are 

described. The changes in the physical and procurement environment are quantified, and 

their impact on technical efficiency is observed. A time series analysis is performed for 

each contractor to monitor efficiency changes through time. 

5.1. The Economic Environment 

Logging activities are affected by the economic cycles so common to the forest product 

industries. When mills must reduce their inventory, woodyards stop accepting deliveries, 

and loggers must hunker down until demand improves. This study covered a period 

spanning from 1988 to 1994. As a whole, the South maintained or increased its annual 

harvested volume during that interval (Howell and Hartsell 1995). Yet, an economic 

slow-down took place in 1989-1990; soft demand and weak prices may have guided 

several contractors into decreasing reinvestment. Changes in management practices also 

took place during the study. Starting in 1993, a few purchasing companies represented in 

the sample started to strengthen their business relationship with some of their better 

contractors. Those loggers, often referred to as preferred suppliers or core contractors, 

were supposed to enjoy more stable wood orders, and be more involved in procurement 

Chapter 5. Economic and Physical Environment 95



planning. Both occurrences and their impact on technical efficiency can be observed in 

our sample. 

5.1.1. | Annual Inputs and Output Variations 

Annual! fluctuations in production and expenses from one year to the next were first 

assessed for the complete time horizon. The observations from 1989 were compared to 

those of 1988, those of 1990 to 1989, and so on. Unfortunately, the differences in 

absolute dollars spent and wood produced could not be added on a yearly basis because 

some loggers did not provide data for every year covered by the study. A variation could 

just as well have been due to a change in number of contractors being included in the 

sample, or the result of a market-related trend. The use of absolute dollars may have also 

reflected a bias towards those contractors who are considerably larger. 

To overcome both problems, a simple mathematical manipulation was performed to give 

all observations equal weight. First, all negative numbers were replaced by -1, while all 

positive numbers were replaced by +1. These numbers were then added for each year. 

The sum can either be greater, smaller, or equal to zero, and constitutes an annual change 

index. The index provides an indication whether a majority of contractors increased or 

decreased their production and expenses. Values are presented in Table 5.1. The number 

in parentheses indicates how many contractors provided the financial or cost information 

for that year. 
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Table 5.1 Annual change index in production and investment trends from 1988 

to 1994. The number in parentheses indicates how many contractors 

are included. 

1989 1990 199] 1992 1993 1994 
  

  

Production 0 (8) 700) 9@1) 2(@2) 6 (2) ~= 3 (15) 

Capital 2 (8) 3 (8) 48) 2 (18) -3 (19) 5 (15) 

Consumables 0 (8) 3 (8) -4 (18) 4(18) 7(19) -!1 (15) 

Labor 0 (8) 7 (8) 4 (18) 10 (18) 13 (19) -1 (15) 
  

A majority of contractors in the sample have increased their output level every year since 

1989. Expenses have followed a similar trend, with labor expenses displaying the most 

conspicuous increase. The growth in labor expenses is most noticeable between 1992 and 

1993, when 16 contractors had higher labor spending. The actual number of loggers who 

have increased or decreased their investment or production level from the previous year 

during the period of 1988 to 1994 is displayed in Figure 5.1. 
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Figure 5.1. © Number of loggers who have increased or decreased their production and 

investment level from the previous year between 1988 and 1994. 
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The increase in logging activity during the early 1990’s and a possible slowdown in 1994 

are visible in Table 5.1 and Figure 5.1. It is, however, difficult to fully appreciate the 

proportions of the yearly changes without using a common reference point. 

Twelve contractors provided complete cost and production information for the period 

ranging from 1990 to 1994. The year 1990 was selected as the base year against which 

all variations would be measured. The same methodology as described earlier was used 

to measure yearly production and cost variations, except that all comparisons were made 

with 1990 levels. The unitary summation as well as the total cost and production 

summation is presented in Table 5.2. 

  

  

  

  

  

Table 5.2 Costs and production deviation in dollars or tons and the Annual Change 

Index (ACI) from base year 1990. 

199] 1992 1993 1994 

Production (ton) 57,900 125,478 208,500 260,490 

ACI 6 8 12 10 

Capital ($) 51,084 148,477 124,305 489,663 

ACI 0 2 2 2 

Consumables ($) - 1,687 28,992 259,529 155,135 

ACI -2 2 8 4 

Labor ($) 166,365 382,802 1,014,164 820,815 

ACI 4 6 8 10   
  

It was then possible to look at the arithmetic summation in tons and dollars because all 

the same contractors provided information for the same years. More wood was harvested 

each year, and the largest single year increase took place in 1993. A majority of 

contractors, not only a few larger ones, increased their level of output every year. The 

most noticeable surge in the number of contractors with higher production numbers 

occurred in 1993, when all 12 contractors produced above their 1990 level. Three 

contractors accounted for 46 percent of the increased production in 1993. These loggers 

Chapter 5. Economic and Physical Environment 99



(D, K, L) also account for 95 and 46 percent of the growth in consumables and labor 

respectively. The highest production level was reached in 1994. This is also the year of 

the largest increase in capital spending. That year, 7 contractors increased their capital 

spending while 5 reduced it (7-5=2). 

The uninterrupted increase in labor spending is substantial. Only after peaking at over $1 

million in 1993 did labor costs drop slightly. This trend was shared by the majority of 

loggers in each year. Labor displayed the highest correlation with production of all three 

input factors (Table 3.1, Chapter 3). Yet, the magnitude of the increase is such that 

market influences such as labor demand and regulatory cost may have contributed to the 

large rise in this category. The trend in re-investment paralleled the upward trend in 

production for 1991-1992. It then flattened, while the trend in labor increased even in 

light of decreased production during 1994. The yearly trends in production and input 

spending are plotted in Figure 5.2. 
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Figure 5.2. Arithmetic deviation in the number of contractors who have increased 

their production or expenses. 

In summary, the period covered by the study was characterized by growth in deliveries 

and in production costs. Several contractors made significant investments in capital, but 

labor expenses displayed the most noticeable increase of all three cost categories. This 

can be partially explained by the increase in production. Several contractors reported that 

higher wages rates had to be paid to keep qualified labor from leaving for other sectors of 

the economy. 
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5.1.2. Annual Technical Efficiency Variations 

Improving market conditions during 1992, 1993, and 1994 resulted in increased 

productivity and capital investments. Nevertheless, better market conditions were not 

necessarily translated into better technical efficiencies and higher margins. Some 

contractors may have over-invested, expecting a sustained period of increased demand. 

Another suspected cause of under-par efficiency may have resulted from years of “living 

off equity.” As documented by Loving (1991), many loggers reported not reinvesting 

into their business during the late 1980’s. Sudden and large investments such as those 

witnessed in 1993-1994 may have been triggered by a need to compensate for delayed 

purchases as much as by higher market demand. Loggers for whom this was the case 

may have appeared highly inefficient, particularly in regard to capital, as they were forced 

to rebuild their business equity. If good market conditions prevail, these loggers will do 

well. If demand for wood decreases significantly, as it was the case in some markets 

during 1991-1992. these loggers with high capital costs face some difficult times. These 

hypotheses were in part supported by the efficiency measurements obtained with DEA. 

The results of two DEA models (BCC and CCR) as well as the parametric model are 

included in Figure 5.3. 

Not all contractors provided data for all the years included in Figure 5.3. In fact, only 8 

loggers provided data without interruption between 1988 and 1994. The average annual 

BCC efficiency of these loggers was included in Figure 5.3 as a separate line titled “Same 

Population.” The other lines include all logger-years as independent observations. 
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Figure 5.3. Average technical efficiency for the years 1988-1990. 

When all logger-years were considered, the CCR and BCC models recorded a radical 

decrease in technical efficiency during 1990. Then, from 1990 to 1993, technical 

efficiency continued to decrease slightly until it rebounded in 1994. The parametric 

Frontier model did not display the same drastic drop in efficiency for 1990 as did the 

DEA models. The stochastic frontier model also contradicted the DEA results in 1991 

when it displayed a small increase in technical efficiency, while they showed sign of a 

slight decrease. 

In the late 80’s, loggers were hard-pressed to keep their costs ata minimum. After a 

difficult year in 1990, loggers were unable to achieve high efficiency despite increased 

production volumes; either tracts were more difficult or contractors were spending a lot 

of resources to update their equipment spread. If the latter caused efficiency to drop, then 
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a method must be found to properly account for changes in the working environment. If 

the former is true, a significant drop in capital efficiency should be observed. Capital 

efficiency, as well as partial efficiency measures for the other factors, can be computed 

with DEA’s non-radial models. Partial efficiency measures computed with the Fare- 

Lovell model are plotted in Figure 5.4. 
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Figure 5.4 — Average partial efficiency measured with the Fare-Lovell model. 

Capital efficiency plummeted in 1990 and remained low for the rest of the period. 

Consumables efficiency also dropped in 1990. Among the possible explanations is the 

increased use of high-flotation tires on skidders and feller-bunchers, as well as a switch 

made by a few loggers from tire-mounted to track-mounted felling machines. If such is 

the case, lower technical efficiency was the result of efforts to reduce site damage. While 

an increase in the percentage of hardwood harvested was observed during that period 
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(Appendix B, Figure B1) , it is doubtful that only capital efficiency would have been 

affected by a product shift. Rather, such site-related change would be expected to affect 

all three inputs in more or less similar proportions. 

The chronically low factor efficiency observed for capital may be indicative of the 

difficulty southern loggers have in fully utilizing newer equipment. Without a stable 

production level, loggers become considerably less capital-efficient when they are faced 

with high equipment payments. Lower efficiency is unavoidable, and the contractors 

become financially vulnerable unless equipment acquisition is followed by higher 

production. The capital-sensitive southern loggers may therefore have little flexibility to 

experiment with unproved, new technology or expensive machines. Similarly, Stuart 

(1988) pointed to a lack of capital availability but an ample supply of labor to explain 

some of the differences between the Scandinavian and southern U.S. harvesting systems. 

The figures and tables presented in this section only offer general trends. Some loggers 

in the sample displayed different or more acute behavior depending on various factors, 

but it appears obvious that economic trends impacted technical efficiencies. It is known, 

and is further demonstrated in section 5.2.2, that a few loggers were able to increase 

production significantly while reducing their capital expenditures. Many did it by 

postponing equipment renewal, especially in 1988 and 1989. For others, it was the result 

of a much improved capacity utilization achieved through joint management and 

procurement planning. 

Alone, the economic environment can only explain part of the efficiency variations. The 

working environment, which may be liberally defined to included tract conditions and 

management philosophy, must also be considered. 
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5.2. The Working Environment and its Impact on Efficiency 

5.2.1. Complexity Factor (CF) 

Hauling distance, percentage of hardwood harvested, and capacity utilization all have an 

effect on efficiency. Taken individually, it is difficult to establish a clear relationship 

between it and productivity, much less efficiency. For example, a logger harvesting a 

difficult tract with a large amount of hardwood may simultaneously enjoy short hauling 

distances. In such a case, the high production expected from the short haul may not 

materialize. It is therefore necessary to consider these factors as a whole to properly 

mirror the working conditions. 

A complexity factor was computed to account for the combined impact of these three 

factors. The complexity factor provides a surrogate measure of the working environment. 

The complexity factor served as a “difficulty rating” that may help explain why some 

contractors consistently under-performed compared to their peers. The complexity factor 

is not inclusive of all the elements that may affect productivity; first, because it is not the 

objective of this research to document forest stand-level efficiency inhibitors, and second, 

because obtaining such information for a large sample is at best extremely difficult. 

The method used to develop the complexity factor for loggers paralleled an approach 

used by Bonaplata (1994) in his study of the pre-print process in a national newspaper. 

Once the critical parameters impacting efficiency were identified, the first step consisted 

of dividing each observation by the average parameter value. Doing this ensured that 

each parameter had equal weight. The natural logarithm function was then applied to 

each parameter to reduce the deviation. This was judged necessary because it was 

observed that the complexity factor would otherwise exaggerate the level of difficulty 

between favorable and unfavorable working conditions. For example, it could be agreed 
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that one tract cannot be 50 times more difficult than another. Each parameter was then 

multiplied with the others to obtain the final complexity factor. The average numerator 

value was added to the denominator so that the final complexity factor would deviate 

around the mean of 1. The following equation summarizes how the complexity factor 

was computed: 

  

[ % of hardwood — Capacity Utilization Hauling Dist. 
n x x 

Avg.% hardwood Avg. Cap. Utilization Avg. Hauling Dist. 
  Eq. 5.1 CF= 

q Average numerator value 

For the purpose of this study, the complexity factor was computed based on annual data. 

The data used to compute the complexity factor are presented in Table B1 of Appendix B. 

The higher the CF, the more difficult the working environment for a particular operation. 

The most favorable environment had a CF of 0.63, while the most difficult rated 1.38. 

The coefficient of correlation between the complexity factor and various efficiency and 

productivity measures is presented in Table 5.3. 
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Table 5.3 Spearman’s coefficient of correlation between the complexity factor and 

selected measures of performance. 

  

  

Efficiency and 

Productivity Measures Spearman’s Coefficient (r,) P Value 

Stochastic Frontier -0.37 < 0.001 

CCR -0.37 < 0.001 

BCC . -0.27 0.008 

$/ton 0.40 <0.001 

Production -0.04 0.68   
  

Several interesting points can be drawn from Table 5.3. First, loggers with a high 

complexity factor tended to have lower relative technical efficiency. The negative 

correlation between the complexity factor and technical efficiency held for all three 

models: stochastic frontier, CCR, and BCC. The complexity factor appeared to be a 

fairly good indicator of a tract’s difficulty level. 

The production level tended to be independent of the complexity factor. Production 

showed no relationship with the complexity factor, but the cost per ton was higher for 

loggers with a high complexity factor. On a difficult tract, loggers must increase inputs 

just to maintain the same level of output. The contractors countered difficult working 

conditions by expending more inputs to keep their production constant. Asa 

consequence, cost per ton increased. This was demonstrated in the sample by the positive 

correlation between the complexity factor and cost per ton. 

The correlation coefficients indicate that contractors adjust their resource utilization level 

to maintain their targeted production. On a difficult tract, a logger must consume a 

higher level of input to maintain production. On more favorable tracts, a logger may not 

increase production as much as one may expect -sometimes because of quotas- but the 
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level of input required is generally reduced, and efficiency is increased. The absence of 

correlation between production and the complexity factor serves to highlight the 

shortcoming of the mechanistic models if carelessly and blindly applied to forest 

operations. Harvesting systems are difficult to model using mechanistic approaches 

because adaptability is difficult to measure and predict. Up to a certain degree, 

contractors can adapt their system and maintain a given output level for a wide variety of 

tract conditions. This degree of adaptability was referred to as “elasticity” by Loving 

(1991). Production elasticity is often a desired performance characteristic for a contractor 

despite its potential impact on technical efficiency. 

At the firm level a harvesting system has more in common with an organic being: it has 

the potential to adapt to its changing environment. For this reason, Stuart (1990) stated 

that the full potential of a harvesting system cannot be assessed without a comprehensive 

analysis of the working environment. The work environment is not limited to physical 

characteristics of the timber stand; it should include the logger’s as well as the 

procurement organization’s management philosophy. 

Loggers adapt differently to a change in their environment. Some are more successful 

than others in selecting a business strategy. It is this adaptability that must be understood 

to foster better efficiency, not only at the woods level for one contractor but throughout a 

procurement zone. The complexity factor proved an important element in the 

performance analysis of logging contractors, as it became clear that the efficiency ratios 

obtained with DEA must be analyzed in light of a logger’s environment and business 

strategies. 
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5.2.2. Sensitivity Ratio 

Year-to-year variations in the work environment of loggers are rarely avoidable, even for 

preferred suppliers. A certain degree of random variation is normal. For a logger to be 

efficient one year is good, but to remain efficient year after year when the work 

environment changes is sign of a well-managed operation. But both drastic, sudden or 

continuous variations should be carefully investigated. The sensitivity of a logger’s 

efficiency score can be estimated by measuring its level of variation in relation to changes 

in the complexity factor. 

A sensitivity estimator for all the loggers who had provided at least four years’ worth of 

data was computed and is included in Table 5.4. The first step in computing the 

sensitivity ratio was to calculate the coefficient of variation (CV) for both the complexity 

factor (CF) and the technical efficiency (TE). The coefficient of variation is simply the 

standard deviation divided by the average. The sensitivity ratio is obtained by dividing 

the coefficient of variation in the technical efficiency by the coefficient of variation for 

the complexity factor. For example, the sensitivity ratio for logger A is 

0.103/0.046=2.24. The rationale behind the procedure is that a high variation in the 

technical efficiency ratio should be the result of a high variation in the complexity factor. 

An imbalance between the two coefficients of variation will either translate to a low or 

high sensitivity ratio. A ratio greater than | is the result of greater variation in technical 

efficiency compared to the complexity factor. A sensitivity ratio smaller than 1 indicates 

the opposite. From a statistical perspective, the sensitivity ratio was applied with caution 

because only 4 to 8 observations were available to compute the coefficient of variation. 

The sensitivity ratios for the loggers involved in the study are included in Table 5.4. The 

lower the ratio, the less sensitive a logger is to changes in the environment, where 

changes in working conditions were measured by the complexity factor. Four loggers did 
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not provide sufficient data to compute the sensitivity ratio and therefore have no values 

associated with them in Table 5.4. 

Table 5.4 Sensitivity ratio depicting the change in efficiency relative to a change in 

the complexity factor. 

  

Contractor CV CV __ Sensitivity | Contractor CV CV Sensitivity 

TE CF Ratio TE CF Ratio 

0.103 0.046 2.24 0.026 0.060 0.43 
0.116 0.096 1.20 - - - 
0.039 0.121 0.33 0.207 0.183 1.13 

0.117 0.063 1.86 0.090 0.088 1.02 

0.054 0.104 0.52 0.033 0.076 0.44 

- - - 0.066 0.043 1.54 
0.082 0.100 0.82 
0.062 1.000 0.06 
0.043 0.047 0.91 
0.054 0.088 0.61 
0.088 0.136 0.65 

0.050 0.088 0.57 

0.048 0.172 0.28 

0.079 0.037 2.14 

0.092 0.047 1.96 C
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Observations T, J, C, M, Q, and E have the lowest ratios. Three of these can be 

considered as working under a preferred-suppliers system (C, Q, E). Logger T has had a 

long period of time to adapt to a procurement system which expects dependability and 

“community logging” more than large volumes from him. Of the most sensitive 

operations (A,K, L, D, R), none could be described as preferred contractors for every year 

in the sample. Loggers D and R made the switch during the last couple of years from 

regular to preferred supplier. The organizational change has induced improvements in 

efficiency, which in turn has contributed to temporary variability. Loggers K, L, and R 

depend on dealers for their weekly quotas. Contractors K and L have almost doubled the 

size of their operation during the stucy period. However, the data do not indicate a 

  

* Community logging can be defined as the ability to harvest small tracts and to develop strong 
relationships with the local residents as well as with small woodlot owners. 
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decrease in capacity utilization as a result of their organizational growth. Logger R 

experienced his greatest variation in 1994, the year he became a preferred supplier and 

significantly increased his technical efficiency. In his case, the higher sensitivity ratio 

was the result of a positive change in his relationship with the procurement organization. 

A scatter diagram was produced to study further the relationship between the complexity 

factor and technical efficiency (Figure 5.5). Lines were added to divide the plot area into 

four quadrants. The vertical line is located at 1.01, which is the median complexity 

factor. All observations to the left of the line were arbitrarily deemed to benefit from a 

low complexity factor, while those to the right have a high complexity factor. The 

horizontal line passes through the median technical efficiency ratio (0.82) and divides the 

observations into high and low efficiency. The numerical coordinates for the 

observations in the scatter diagram are included in Appendix C. 

The loggers in the upper right quadrant were granted close attention, as they displayed 

high efficiency despite a high complexity factor. The same scrutiny was applied to those 

loggers in the lower left quadrant, as they had low technical efficiency in spite of 

operating in a favorable environment as expressed by the low complexity factor. 
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Figure 5.5 —_ Relationship between technical efficiency and the working environment as 

measured by the complexity factor. 

Only one observation in the upper right quadrant has an efficiency of 1, and it is located 

very near the median complexity factor. In fact, most observations in the upper right 

quadrant are located near one of the two median lines. Preliminary analysis of these high 

efficiency/high complexity loggers did not indicate specific behavior or specific 

environmental conditions which could justify their position in the chart. In at least one 

case, the use of depreciated equipment may have been a factor. 

A cluster of three units is located in the lower left quadrant, which commanded further 

analysis. In one case, poor efficiency was linked to very small timber, which is not 

measured by the complexity factor. The other two units are linked to the same contractor, 

who was initiating an operational expansion and new equipment had recently been added. 
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The last point indicated the need to monitor not only each observation’s position in the 

chart, but to trace how each logger’s annual observations are distributed relative to each 

other. This was done by linking each logger’s data points so that annual variations could 

be traced. In particular, it is important to note the proximity between observations, which 

may indicate the logger’s sensitivity to change in the complexity factor. Loggers who 

experienced vertical shifts may be those who are modifying their process by either 

lowering or increasing their equity. Large horizontal movements are more likely to be 

indicative of a high sensitivity to the complexity factor. Negatively sloped, right-to-left 

movements, are indicative of normal or expected behavior. Positively sloped, right-to- 

left or left-to-right movements should be granted special attention, as they would indicate 

a logger going from one extreme to the other. 

Trying to identify all the loggers on a single diagram would render it illegible. Rather, 

three separate figures are used to display contractors with similar behavior. First, some of 

the contractors who displayed high consistency in their technical efficiency, sometimes 

despite important changes in the complexity factors, are included in Figure 5.6. 
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Figure 5.6 Relationship between technical efficiency and the complexity factor for 

loggers with a low sensitivity ratio. 

All the contractors included in Figure 5.6 had a sensitivity ratio smaller than 1. More 

specifically, contractors C and H displayed high technical efficiency with consistency 

except for one positive spike for each of them. Each responded with an increase in 

efficiency when they benefited from a lower complexity factor to increase production and 

capacity utilization. Logger J remained efficient three years in a row despite a fairly wide 

variation in the complexity factor. For the last year available, 1991, his efficiency dipped 

to 90%, despite an increase in production and capacity utilization. The decrease in 

technical efficiency can be partly attributed to an increase in equipment payments. 

Logger Q, the largest contractor in the study, was consistently operating in a high 

complexity environment, largely because of very long hauling distances. Nevertheless, 
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logger Q’s efficiency remained tightly distributed. The fact that this business is two 

generations old and well established at its current size may explain the low variability. 

This logger was identified as providing the most comprehensive compensation plan of all 

loggers in the study. Fringe benefits included paid vacations, health insurance, retirement 

plan, annual banquet, as well as more common extras such as uniforms, transportation, 

and Christmas bonuses. Logger Q maintained that he never had a worker quit, and 

always has a long list of applicants wishing to join his operation. 

Logger V had low technical efficiency despite a moderate complexity factor. This 

contractor owns and manages another business along with his logging operation. The 

nature of the second business may explain his “high-brass” operation style, where 

equipment is replaced at a rapid rate. But high labor costs more than anything else may 

be blamed for the low technical efficiency ratios. The operation was managed by a paid 

supervisor. Logger V is the smallest logger to have a foreman entirely dedicated to a 

supervising role. Contract hauling also appeared high compared to other loggers on 

similar hauls. The hauling company is owned by contractor V but is managed as a 

separate business. High hauling costs charged against the logging business may translate 

into high profit for the trucking business. Tax-related advantages that are not accounted 

for may explain this logger’s cost structure. 

Logger U operates in very similar environmental conditions to logger V and delivers 

most of his production to the same company as does both Q and V. Running a well- 

established operation, this logger is very predictable and probably just as efficient as a 

hardwood (50 to 60% of total volume) logger can be expected to be relative to more pine- 

oriented crews. 
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All the loggers in Figure 5.6 acted almost entirely as cut-and-haul contractors. While 

only one could be considered a true preferred supplier, all of them enjoyed a favorable 

status with their procurement organization. 

In contrast to the stable contractors in Figure 5.6, the efficiency history of loggers with a 

sensitivity ratio above 1.1 and who displayed important shift in technical efficiency are 

included in Figure 5.7. 
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Figure 5.7 —_ Relationship between technical efficiency and the complexity factor for 

loggers with a high sensitivity ratio. 

Logger O experienced the largest drop in efficiency as a result of a sudden and important 

capital investment. The investment was necessary when increased dependability was 

expected by the procurement office of his main client. Logger I also experienced a 

similar drop in technical efficiency because of equipment investments. A major 
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difference between the two is that, while logger I was able to increase production and 

benefit from growth, logger O was merely rebuilding his depleted equity. 

Logger L operates in conditions similar to logger K but has been going through a 

significant growth phase. His production has almost doubled between 1991 and 1994. 

Technical efficiency was decreased dramatically during the first two years, but the last 

two had shown signs of improvement. Part of the decrease in technical efficiency was 

due to an increase in investment and may in part be due to decreasing returns to the larger 

operation size. Finally, the period needed for the contractor to restore efficiency at the 

higher production level may also be associated with his “climb” on the learning curve as 

he becomes accustomed to managing a larger operation. 

Logger D has had two consecutive bad years in regard to technical efficiency. Both can 

be attributed, to some extent, to a fall in production resulting from a natural catastrophe in 

the procurement area. Following that period, he struggled to find the best harvesting 

system that would help him meet all the new environmental regulations being strongly 

enforced in his region. Contractor D has been above the sample’s median efficiency level 

for six consecutive years. Through all the “ups and downs,” logger D has demonstrated 

excellent management skills by remaining technically efficient while providing added 

services to his client. 

Other loggers with interesting efficiency patterns are included in Figure 5.8. Most could 

have been included in the previous figures, but for the sake of clarity it was necessary to 

present them in a separate layout. 
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Figure 5.8 —_ Relationship between technical efficiency and the complexity factor for 

selected loggers. 

Few contractors are as efficient as logger E. Half of his production has to be double- 

bunked, and up to 50% hardwood is harvested. This logger was able to double the size of 

his operation while ranking among the most efficient loggers every year. Contributing 

factors include a high-capacity utilization ratio, a dedicated work force, and an excellent 

communication channels with the procurement organization. Although not identified as 

such by the procurement organization, logger E enjoys many characteristics of preferred 

suppliers. 

Logger W has remained in the lower left quadrant for all of 5 years for which he provided 

data. However, constant improvement in technical efficiency has been taking place. 

Major investments were made in the late 1980’s when this logger switched from short to 
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long wood, and again in 1990 and 1991. Since then logger W has fine-tuned his 

operation. Production decreased slightly in 1994, but as labor costs were reduced 

substantially, overall technical efficiency was improved. 

Contractor P went from efficient to even more efficient between 1990 and 1994. He did 

so by increasing production while holding capital spending constant, thereby achieving 

higher capacity utilization. The important decrease in the complexity factor was also the 

result of a reduction in the volume of hardwood harvested. 

As a dealer-based logger, contractor R was an efficient and stable producer when he 

became a preferred supplier in mid-year 1993. The effect on his operation was 

immediate, and his technical efficiency reached 100% in 1994, mostly because of 

improved capacity utilization. 

Logger S displayed the most distinctive positively sloped transition. High technical 

efficiency was achieved early on by using older equipment, which required constant 

involvement of the logger as a mechanic. Contractor S operated under a dealership 

system, which did not provide him with a predictable weekly wood order. In recent 

years, he had to purchase equipment such as a tracked feller-buncher to enhance his 

ability to harvest wet, bottom-land hardwood tracts. He hoped this action would provide 

him a niche market in his procurement area. 

Logger M had a very low sensitivity ratio. His technical efficiency remained low, 

considering that his complexity factor was slightly above the median. Stable 

performance and low efficiency were both the result of low job output very strictly 

regulated by weekly quota. Just like logger O, logger M could usually fill his weekly 

quota by Wednesday or Thursday. Consequently, idle capacity was considerable. 

However, logger M operated longer hauls and tended to have less depreciated equipment. 
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Operating as a four-man crew, the job includes a father -the owner- and his two sons. 

Salaries are competitive and may reflect investments being made outside of the logging 

business in response to growth limitations imposed by the procurement organization. 

Consequently, low labor efficiency reflects this logger’s long-term strategy. 

Logger T was deemed to have the lowest technical efficiency in the sample. Although 

field visits provided indication of a low productivity operation, this logger’s status as a 

community logger may justify the procurement organization’s willingness to tolerate low 

technical efficiency. His operating area has been plagued by bark beetle outbreaks, ice 

storms, and other natural disasters that have affected privately owned timber. He has 

specialized in salvaging timber from these damaged stands, a strategy that affected 

technical efficiency while not being reflected in the complexity factor. Most contractors 

in that area are not interested in working in such conditions. For logger T, it is a niche 

market. In these conditions, safety issues are at a premium and productivity is decreased. 

Strategically, logger T has opted to reduced his capital expenditure by using older 

equipment but has been forced to add to his labor compensation system. 

5.3. Summary 

Technical efficiency varied from year to year and appeared to be dependent on economic 

and environment conditions. Yet, some contractors were distinctively more robust than 

others when faced with changes in their environment. 

The loggers operating under stiff quctas displayed low sensitivity to change in the 

complexity factor as long as capital expenditures remained under control. These loggers 
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are characterized by idle time, which provides ample opportunities to maintain and repair 

the equipment. A large capital investment, often triggered by a rapid growth from one 

year to the next, usually translated in poor efficiency and a high sensitivity ratio in the 

short-term. A logger may also appear efficient and cost-effective in the short-term by not 

reinvesting in equipment. Sooner or later, if production is to be maintained, these loggers 

are forced to make large investments, and they become vulnerable to poor market 

conditions. Loggers who were able to spread their equipment renewal over time to avoid 

massive and brisk investment had a more stable efficiency from year to year. 

Several of the most efficient contractors were identified as preferred suppliers. These 

contractors seemed to display a more stable efficiency ratio from year to year. Their 

relationship with the procurement organization allowed them to customize their logging 

operation to match the kind of task expected from them. 

There was no indication that operation size had an influence on year-to-year variation in 

efficiency. Small and large contractors were present in both the low and high annual 

variation groups. Several contractors experienced significant shifts in annual production, 

mostly increases, which usually induced efficiency shifts. The relationship between 

operation size, efficiency, and financial margin will be further developed in Chapter 6. 
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Chapter 6 TECHNICAL EFFICIENCY AND PROFITABILITY 

In this chapter, the loggers are segregated by the level of technical efficiency they have 

achieved. Characteristics such as operation size, environmental conditions, and 

managerial practices are quantified in an attempt to identify those factors that have the 

greatest impact on technical efficiency. The relationship between technical efficiency 

and financial profits is also explored. Unit and total profits are computed to compare cost 

minimization and profit maximization strategies and to observe how they relate to 

operation size. 

6.1. Characteristics of Efficient Contractors 

6.1.1. Business Organization 

Loggers in the sample organized their business one of three ways: Sole proprietorship - 

general partnership shares most of the business characteristics of sole proprietorships and 

have been included in that group for simplicity; Sub-Chapter S Corporation, or Full 

Corporation. Sole proprietorship is often chosen for its simplicity of organization, its 

minimal reporting, and simple taxation code. Sub-S and Full C corporations are 

attractive for the limited liability and employee status that they provide to the owner. 

The loggers were divided as being efficient, partially efficient, or less efficient, following 

the same criteria used in section 4.1.1. The frequency of each type of business 

organization was tallied for each efficiency class. The distribution of the number of 

business organization per efficiency level is presented in Figure 6.1. 
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Figure 6.1 Frequency of business organization type for efficient, partially efficient, and 
less efficient loggers. 

Loggers organized as Sub-Chapter S corporations tended to be found more frequently in 

the efficient category than in the Less efficient category, while a majority of sole- 

proprietorship loggers were either inefficient or partially efficient. Loggers organized 

under a Full C corporation status did not display any clear trend in technical efficiency. 

Full C corporation loggers accounted for most of the largest operations, and most of them 

contracted for the same procurement organization. 

A chi-square test was performed to measure whether there was statistically significant 

evidence that a logger’s business organization and technical efficiency were independent. 

The results are presented in Table 6.1. 
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Table 6.1 Comparison of efficiency and type of business organization. 

  

Type of Business Organization 
  

  

  

  

  

Efficiency Full C. Single P. Sub-S Total 

Efficient 12 14 16 42 

>90% (12.72) (13.21) (10.79) 

Part. Eff. 7 14 9 30 

80-90% (9.08) (13.21) (7.71) 

Less Eff. 14 20 3 37 
<80% (11.20) (16.29) (9.50) 

33 48 28 109 

p-value=0.034 

With a p-value of 0.034, there are some indication that technical efficiency in the sample 

is not independent from the type of business organization. Evidently, these results do not 

imply that loggers could improve their technical efficiency simply by organizing as a 

Sub-S corporation. Rather, this may indicate that, in the sample, those loggers who may 

be spending more time strategically managing their business and who are aware of tax- 

code opportunities tend to seek Sub-S charter. However, a similar trend should have been 

observed for the Full C businesses since that status certainly denotes just as much 

“business awareness.” As several Full C loggers tended to be much larger than the 

sample’s median, it is suspected that scale inefficiencies have clouded the trend. 

Certainly, several reasons not discussed here may lead contractors to incorporate their 

businesses. The trend from this data set can only be interpreted to indicate that, among 

the most efficient loggers, a majority sought incorporation. 
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6.1.2. Multiple Sorts and Its Impact on Technical Efficiency 

Landowners and timber-buying organizations often entrust loggers to sort logs so as to 

optimize their revenues. For the contractors, log sorting rarely provides cash bonuses or 

compensation incentives, but is nonetheless considered a job quality dimension required 

by the customers. Stringent quality requirements may negatively impact technical 

efficiency when resources have to be diverted from production to supervision. 

Olesen et al. (1995) developed DEA models that allow for the inclusion of quality 

parameters in the analysis through the inclusion of ordinal measures of quality. Although 

legitimate and effective, Olesen’s approach reaches beyond the scope of the present 

research and would require significant modifications to the original model. To keep the 

model as simple as possible, this study did not attempt to account for quality dimensions 

within the DEA computations. Rather, those loggers having to comply to more 

demanding quality standards such as log-length hauling were identified to compare their 

efficiency scores with the more production-oriented loggers. 

Field study results indicated that loggers were using a large share of their productive time 

sorting the various product at the landing (Chapter 3 - Section 3.3 ). For reasons that 

include company policies and tract characteristics, some contractors may be more 

affected than others by sorting duties. 

Two contractors who ranked among the least technically efficient in the sample, and for 

whom sorting requirements were documented, were singled out to measure the potential 

for increased efficiency through reduced sorting operations. It is important to consider 

that both loggers were operating in an increasing returns to scale area of the sample 

(Chapter 4, Table 4.5), making increased production even more desirable. 
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The first contractor studied, alphabetic code “T”, was believed to be in a position to 

increase output level by 35%, which translated into 17 tons per productive-hour. Based 

on the type of return to scale observed around the section of the envelope where this 

logger was producing, it was assumed that for each 10% increase in output, a 5% increase 

in input would be required. Therefore, for the 35% increase in production, labor and 

Consumables were increased by 15%. However, because of excess idle capacity 

observed during field visits, the increase in capital spending was limited to 10%. 

Logger M was the second contractor for which reduced sorting was considered. It was 

estimated that this logger could increase his output level by as much as 79%, assuming he 

would not be impeded by quota. Increasing return to scale similar to logger T was 

assumed to compute the proportional increase in inputs. 

Efficiency scores with regular (sort) and reduced sorting (no-sort) requirements are 

presented in Table 6.2, and plotted in Figure 6.2. 

Table 6.2 Change in technical etficiency (CCR) resulting from a decrease in sorting 

requirements. 
  

  

  

Logger Efficiency Efficiency Rank Rank 

(Sort) (No-sort) (Sort) (No-Sort) 

54-M1 0.68 0.75 [21] [25] 

55-M2 0.65 0.75 [14] [23] 

56-M3 0.70 0.79 [24] [36] 

57-M4 0.68 0.78 [20] [35] 

58-M5 0.68 0.76 [17] [27] 

59-M6 0.65 0.75 [12) [22] 

60-M7 0.69 0.77 [22] [32] 

90-T1 0.60 0.72 [5] [23] 

91-T2 0.60 0.70 [4] [22] 

92-T3 0.54 0.62 [1] [4] 

93-T4 0.58 0.66 [3] [12] 

94-TS 0.64 0.72 [9] [27] 
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Figure 6.2 = Technical efficiency with normal sorting requirements and with reduced 

sorting requirements. 

Results indicated that reduced sorting requirements would contribute to increase these 

contractors’ technical efficiency. But while TE increased by as much as 7 to 12%, these 

loggers cannot blame sorting as the sole source of their technical inefficiency. Both 

loggers largely remained in the less efficient category (TE < 0.80) and ranked in the 

bottom-tier of the data set. Logger T experienced a more significant improvement in his 

comparative ranking, gaining up to 18 ranks for some observations. Logger M 

improvements were more modest, gaining an average of ten ranks. 
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Non-radial efficiency ratios were computed to measure by how much each of the three 

input factors improved. Before efficiency adjustments for reduced sorting were made, 

partial efficiencies were below the sample’s median for both loggers. After adjustments 

their efficiencies were still below the median values but improvement was obvious as 

demonstrated in Table 6.3. 

  

  

  

  

Table 6.3 Changes in partial efficiency when sorting requirements are reduced. 

Capital Consumables Labor 

Sample Median 0.46 0.85 0.88 

Logger T Sort 0.36 0.73 0.62 

Non-Sort 0.41 0.81 0.75 

LoggerM _ Sort 0.38 0.85 0.71 

Non-Sort 0.41 0.90 0.82 
  

Partial efficiency with regard to labor displayed the highest increase, 20% for logger T 

and 15% for logger M. Partial efficiency increases of 14% and 9% for capital, and 12 and 

5% for consumables were also observed for loggers T and M, respectively. 

Overall, these results were rather surprising. Even though increased returns to scale on 

the order of 50% were allowed, these loggers did not achieve efficient or partially 

efficient status. First, this may indicate that growth should not precede efficiency 

improvements. Better results may be achieved if loggers improve their efficiency first, 

then increase their scale of operation. This may have important implication in light of 

companies attempting to select loggers for their preferred supplier program. Second, the 

results may also demonstrate that sorting imposes a deeper penalty on system efficiency 

than could be measured with the relatively narrowly scoped time-study approach. The 

impact likely extends from the landing to the stump in elaborate ways that would require 

further research. 
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6.1.3. Factor Productivity 

The factor productivity ratio reflects the amount of output produced per unit of input. 

Factor productivity ratios were computed for each logger by dividing total volume 

produced by the total amount of dollars spent in each of the three cost categories. 

Once again, loggers were grouped as efficient, partially efficient, and less efficient. 

Loggers in each group were characterized according to capital, consumables, and labor 

productivity ratio (Figure 6.5). The factor-productivity figures are included in Table 6.4 

and are also plotted in Figure 6.3. 

Table 6.4 Factor productivity for efficient, partially efficient, and less efficient 

  

  

  

loggers. 

Factor Efficient Partially Efficient Less Efficient 

Capital 0.52 0.36 0.33 

CCR Consumables 0.37 0.33 0.28 

Labor 0.23 0.22 0.17 

Capital 0.45 0.35 0.32 

BCC Consumables 0.36 0.31 0.27 

Labor 0.22 0.22 0.17 
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Figure 6.3 Factor productivity in ton per dollar for the efficient, partially efficient, and 
less efficient loggers. 

Efficient loggers had a higher input factor productivity than partially efficient and less 

efficient loggers. Efficient loggers clearly distinguished themselves in regard to capital 

utilization. Comparatively, only minute differences exist for labor and consumables 

efficiency among the efficient, partially efficient, and less efficient loggers. Almost no 

difference exists in labor utilization between the efficient and the partially efficient loggers. 

6.1.4. Capacity Utihzation 

An attempt was made to isolate capacity utilization and measure its relationship with 

efficiency. Average capacity utilization was computed for each of the three efficiency 

Chapter 6. Characteristics of Efficient Contractors 131



      

groups. Efficient loggers had a median capacity utilization of 85%, the same as for the 

less efficient loggers, while partially efficient loggers had an average of 83%. Capacity 

utilization was expected to have a more dramatic impact on technical efficiency, but 

either there is not enough difference in capacity utilization in the sample to observe a 

significant impact on efficiency (everyone was equally afflicted with idle capacity) or the 

method used to measure capacity utilization did not sufficiently discriminate between 

high and low utilization. The latter explanation is supported by the lower capacity 

utilization reported by LeBel (1993). The 1993 study reported a median capacity 

utilization of 70%. In this sample, the average capacity utilization was 0.84, with a 

standard deviation of 0.05 percent. The much higher median capacity utilization ratios 

obtained for the sample in this study may indicate that, at least for some loggers, even the 

75" percentile is too conservative to properly estimate capacity utilization. 

If the former explanation is valid, that there is not enough difference between loggers in 

regard to capacity utilization, then the relationship between capacity utilization and 

technical efficiency might be better measured when the same contractor is evaluated for 

consecutive time periods. To verify this point, one contractor was singled out for whom 

eight years’ worth of quarterly data were available. 

The correlation between capacity utilization and technical efficiency was measured using 

quarterly production and cost data procured from logger D. Quarterly capacity utilization 

was obtained by taking the ratio of the actual production to the 75" percentile weekly 

production level for that year times the number of weeks in the quarter. For example, 

during the first quarter, logger D produced a total of 15,303 tons in 12 weeks. The 75" 

percentile for that year was 1,773 tons per week. Multiplying this production level by 12, 

the number of weeks in the quarter, yields 21,281 tons. The capacity utilization ratio is 

then equal to: 15,303+21,281 = 72%. 
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It is strongly recommended that the CCR model be used to evaluate the relationship 

between capacity utilization and technical efficiency, even more so if all observations are 

from the same contractor. In effect, the “scale” variations may result from changes in 

capacity utilization. The BCC model does not measure scale efficiency and would 

therefore tend to underestimate the effect of idle capacity. The quarterly capacity and 

technical efficiency of logger D for 1988-1995 are included in Table 6.5. The results are 

also plotted in Figure 6.4. 

Table 6.5 Quarterly variation in technical efficiency and capacity 

utilization for logger D. 

  

  

Quarter Capacity Technical | Quarter Capacity Technical 
Utilization Efficiency Utilization Efficiency 

1 0.72 0.73 17 0.76 0.88 

2 0.68 0.76 18 0.56 0.90 
3 0.94 1.00 19 0.65 0.76 
4 0.97 0.86 20 0.87 1.00 
5 0.91 0.91 21 0.58 1.00 
6 0.75 0.89 22 0.90 1.00 
7 0.81 0.82 23 0.99 0.89 
8 0.56 0.46 24 0.77 0.68 
9 0.48 0.39 25 0.77 0.92 
10 0.73 0.63 26 0.76 0.81 
11 0.88 0.83 27 0.94 0.95 
12 0.84 0.77 28 0.75 0.97 
13 0.57 0.78 29 0.81 0.95 
14 0.54 0.73 30 0.87 0.94 
15 0.92 0.90 31 0.80 0.91 
16 0.81 0.70 32 0.90 0.81   
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Figure 6.4 Quarterly changes in technical efficiency and capacity utilization for 

logger D. 

The Spearman’s coefficient of correlation between technical efficiency (CCR model‘) and 

capacity utilization was 0.48 (p-value=0.006). Banker et al. (1986) also reported a high 

coefficient of correlation between capacity utilization and technical efficiency in their 

study of hospital productivity. To further validate the results, a statistical procedure 

similar to the one used by these authors was followed. First, the observations were 

categorized into three classes on the basis of the loggers’ technical efficiency: highest tier 

(TE>0.90), medium tier (0.78<TE<0.90) and lowest tier (TE<0.78). A chi-square 

statistical procedure was then performed to test for independence between efficiency and 

capacity utilization. The results are reported in Table 6.6, with the expected frequencies 

in parentheses. 

  

* The BCC model displayed a much lower coefficient of correlation: 0.35. 
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Table 6.6 Frequency of loggers in each efficiency group in relation to capacity 

utilization (the number in parentheses indicate expected frequencies). 

  

  

  

  

  

  

Capacity DEA Technical Efficiency Ratings 

Utilization Highest Medium Lowest Total 

Highest 6 5 0 11 

>86% (3.43) (3.13) (3.14) 

Medium 4 4 3 11 
75-86% (3.78) (3.44) (3.78) 

Lowest | 1 8 10 
<75% (3.78) (3.44) (3.78) 

1] 10 1] 32 

p-value =0.004 

Strong evidence exists that capacity utilization has an impact on technical efficiency, as 

demonstrated by the low p-value obtained in Table 6.6. Quarters for which high-capacity 

utilization was achieved were more likely to be technically efficient. However, there was 

at least one noticeable exception to this relationship. In quarter 21, the first quarter of 

1993, logger D had a capacity utilization of only 58% and yet achieved an efficiency of 

100 percent. A careful investigation of cost and production patterns revealed that few 

equipment purchases had occurred in recent years. In fact, after years of declining 

production, logger D had scaled down his entire operation. Equipment spending was then 

at a three-year low. During the second quarter of 1993, logger D reached an agreement 

about future quotas with the procurement organization. New equipment was acquired 

and deliveries rose substantially. The method used to compute capacity utilization may 

have been biased by the swift change in productivity that occurred soon after the first 

quarter and therefore may have overestimated true idle capacity. Nevertheless, it remains 

that logger D was indeed efficient despite very low production during that period; the 

high technical efficiency during quarter 21 may have been another case of a logger living 

off his equity. 
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Non-radial efficiency ratios for each of the three input factors were measured and 

compared to properly assess the effect of capacity utilization on each of the three factors. 

Non-radial efficiency ratios measured with the Asymmetric-Fiare model are presented in 

Figure 6.5. 
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Figure 6.5 _ Partial efficiency (Asymmetric-Fare) by quarter for contractor D. 

Overall, labor efficiency had the highest average ratio of all three input factors - 0.64 for 

capital, 0.72 for consumables, and 0.78 for labor. When only the quarters with a capacity 

utilization smaller than 75% were considered, capital efficiency dropped 14%, 

consumables 18%, and labor efficiency dropped 12%. These figures were rather 

surprising; one would expect capital efficiency to be the most affected by low capacity 

utilization. Instead, consumables had the most significant decrease in efficiency, and 
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labor efficiency was decrease by almost the same proportion as capital was. The decrease 

in consumable efficiency may be partly explained by all the maintenance works being 

performed during periods of low production. The relationship between labor efficiency 

and capacity utilization may be indicative that labor costs are not as easily adjustable as is 

commonly assumed. 

Like many other loggers, contractor D attempts to provide his employees with a constant 

income. When the operation is idled because of quotas or adverse weather conditions, 

many workers remain on the payroll doing maintenance or janitorial work. Logger D’s 

employment policy makes it difficult to reduce labor costs in the short-term when 

production is down. This illustrates a case where apparent inefficiencies may yield 

improved performance in the long run by preserving a well-trained work force. Realizing 

this, a procurement organization could contribute to higher efficiencies by reducing the 

length and frequencies of its woodyard closures on selected loggers. This was indeed 

considered by logger’s D procurement office when he was selected to be one of their core 

contractors. 

Quotas and market slowdowns only account for a fraction of the logging sector’s total 

downtimes. Weather remains a major cause of lost production in the South (LeBel 1993). 

Around quarter 24, logger D invested in special harvesting equipment to improve his 

ability to work on soft ground and sensitive sites without rutting. This, along with a 

preferred supplier agreement, allowed logger D to work more days without weather and 

quota-related downtime. Capital efficiency decreased sharply following the acquisition 

of new equipment, but labor and consumables made significant gains, and the overall 

technical efficiency remained largely above 90 percent. This was not merely possible 

because of increased production but largely because of reduced variability and increased 

capacity utilization. By itself, increased production, or scale size, is no guarantee of 

improved technical efficiency. 
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6.1.5. Scale Size 

An important source of sample-wise inefficiency was caused by a deviation from the 

optimal scale. In dividing the total scale inefficiencies by the total overall inefficiencies, 

it was found that, on average, 26% of all inefficiencies were scale-related. In fact, several 

larger sized logging contractors could attribute nearly all of their inefficiencies to scale of 

operation. This parallels the findings of Byrnes et al. (1984), who reported that the major 

source of inefficiency in strip-mining contractors was a deviation from the most 

productive scale size (mpss). 

As a first step to observe the link between operation size and technical efficiency, the 

sample was once again divided into efficient, partially efficient, and less efficient loggers. 

For each of the three categories, the average production, median production, and the 

complexity factors were computed and are included in Table 6.7. 

  

  

  

Table 6.7 Average and median annual production by efficiency class. 

Efficient Partially Less Efficient 

Efficient 

Avg. Production (tons) 62,516 60,174 92,785 

CCR Median Production (tons) 62,383 56,064 82,217 

Avg. of Complexity 0.89 ] 1.05 

Avg. Production (tons) 87,045 72,725 66,656 

BCC Median Production (tons) 64,806 65,441 59,831 

Avg. of Complexity 0.94 0.99 1.07 

  

Results from both the CCR and BCC models are included strictly to demonstrate once 

again the difference between the two formulations. When the BCC model was applied, 
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few differences occurred between the median production level for each efficiency level 

because the envelope follows the distribution more closely as it allows for scale 

inefficiencies. With the CCR model, efficient loggers had a median production of 62,383 

tons; partially efficient loggers had a lower median production, 56,064 tons; and 

inefficient loggers had the highest median production, 82,217 tons. 

Banker et al. (1984) demonstrated that the CCR model provides a measure of overall 

technical efficiency which can be decomposed into pure technical efficiency and scale 

efficiency. DMUs can experience increasing, decreasing, or constant returns to scale. 

The CCR by itself does not allow for variable return to scale. The BCC model can be 

used to measure technical efficiency for variable returns to scale. This research applied 

both CCR and BCC models so that scale efficiency could be evaluated (Chapter 4, Table 

4.5). It was then possible to measure whether operation size had an effect on the type of 

return to scale that loggers experienced. 

Confusion may arise about the use of the term “returns to scale”; as it applies here, the 

term refers to the efficiency envelope and not to the mass of all the data points, as is 

usually the case in econometrics. Returns to scale are measured in the immediate 

neighborhood around each DMU, or its projection on the efficiency envelope. 

Although a measure of scale efficiency was obtained for every observation, only those 

DMwUs that were boundary points, i.e., on the BCC envelope, can provide well-defined 

returns to scale information. It is not possible to properly evaluate the points that lay 

inside the envelope since changes because of scale inefficiency would be confounded 

with productivity changes caused by inefficiency elimination (Banker and Thrall 1992). 

All those DMUs that were unitary-efficient based on the BCC model were identified and 

singled out so that the focus could be primarily on scale efficiency. Of the 109 logger- 
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years, 19 observations were BCC-efficient. Using the scale information provided by 

model MS, these points were classified as either experiencing increasing, constant, or 

decreasing returns to scale, and the annual output of each was used as a surrogate 

measure for scale size (Table 6.8). 

Table 6.8 Type of return to scale experienced by technically efficient loggers. 
  

  

  

  

Increasing Constant Decreasing 

Code Output Code Output Code Output 

(tons) (tons) (tons) 

21-E] 24,000 27-F 1 32,000 20-D8 113,657 
23-E3 34,000 28-F2 34,000 72-P5 87,000 
32-H2 22,000 33-H3 27,000 74-Q2 218,000 
35-H5 23,000 37-11 116,000 75-Q3 237,000 
40-J1 68,000 39-]3 153,000 76-Q4 237,000 
65-03 49,000 42-J3 66,000 77-Q1 238,000 

82-R5 84,000 

Median: 29,000 Median: 66,000 Median: 227,000     
  

The scale-efficient loggers who were experiencing increasing return to scale had a median 

output level of 29,000 tons. The median production volume for loggers experiencing 

constant return to scale was 66,000 tons, while it was 227,000 tons for the loggers on the 

decreasing return to scale section of the envelope. 

These results should not be interpreted to mean that optimal efficiency can only be 

achieved at or near an operating size of 66,000 tons per year. There seemed to be other 

local optimums along the efficiency envelope. This was demonstrated by relatively small 

and large operations experiencing constant return to scale. It did appear, however, that, in 

general, larger loggers suffered efficiency losses due to their scale of operations. It would 

be necessary to consider revenues and field conditions in more detail before going as far 

as to suggest that these loggers should reduce their operation size. 
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It is possible to estimate the optimum scale size of the DMU that do not lie directly on the 

envelope. Banker (1984) and Banker et al. (1986) demonstrated that DEA could be 

employed to measure the mpss in specific segments of the possibility set. The mpss, the 

scale size at which constant returns to scale are achieved, was computed for each 

observation in the data set. First, it was necessary to modify the Mathematica CCR 

formulation so that the efficiency ratio, @, and the size factor, LZ ,;» could be 

automatically extracted. Second, the mpss was computed using the following equation: 

  Eq. 6.2 [ ® X ‘| qd. . n 2 n 

wie17; ° 2 ja17) ° 

where: 

@, is the unit technical efficiency ratio, 

X is the actual input consumption, 

Y is the output level, 

and Zj > 0. 

As an example, unit 21 had a sum of the z, equal to 0.4246. Therefore, production-wise, 

its mpss would be 22.961/0.4246 = 54,077 tons. This procedure was repeated for every 

observation. 

The complete sample had an average mpss of 64,434 tons per year and a median of 

57,285 tons. Loggers were grouped according to operational characteristics to measure 

whether these characteristics had an influence on the mpss. The smaller the mpss, the 

earlier decreasing returns to scale set in. 

The average and median mpss were compared for different sub-samples. The Mann- 

Whitney non-parametric test and the t-test were used to measure for significant 
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differences in the median and average mpss based on hauling distance, hauling strategy, 

and species harvested (Table 6.9). 
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Table 6.9 Average and Median mpss in terms of tons harvested’ per year. 

  

Trucking Strategy as a Percentage of Total Cost 
  

  

  

  

  

  

  

  

Less than 5% More than 25% 

Mean 63,449 72,533 

Standard Deviation 32,474 23,973 

t (df) 1.57 (58) 

P-value 0.12 

Median 49,639 75,445 

Mann-Whitney 

P-value 0.029 

Pine Harvested as a Percentage of Total Volume 

Less than 60% More than 85% 

Mean 58,152 70,680 

Standard Deviation 29,357 23,489 

t (df) 2.04 (68) 

P-value 0.045 

Median 43,650 73,793 

Mann-Whitney 

P-value 0.016 

Estimated Hauling Distance in Miles 

Less than 35 miles More than 40 miles 

Mean 60,806 76,211 
Standard Deviation 26,330 26,267 

t (df) -2.22 (53) 

P-value 0.031 

Median 55,528 75,496 

Mann-Whitney 

P-value 0.0269 
  

  

° These statistics should be interpreted as descriptive statistics only. The assumption regarding 
independence of observations may be violated because some contractors contributed more than one 

observation to the sample. 
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The data set was divided into three equal groups based on the percentage of their costs 

attributable to contract trucking. The lower tier loggers, those spending less than 5% on 

contract trucking, had a median mpss of 49,639 tons, while the upper tier loggers had a 

median mpss of 75,445 tons. The Mann-Whitney test found sample differences to be 

significant at a = 0.05 (p-value=0.03). However, the parametric t-test of two-sample 

means failed to find a significant difference (p-value = 0.12). There appeared to be 

indications that loggers who depend more heavily on contract trucking achieve the 

highest efficiency at a larger scale size than those doing most of their trucking 

themselves. It must be pointed out that those loggers having incorporated their trucking 

operation as a separate business entity were considered as relying on contract trucking. 

Because 4 out the 5 contractors who have their trucking as a separate business are among 

the largest operations in the study, the statistical difference is just as likely to reflect the 

fact that larger operations are more likely to separate financially and legally the trucking 

side of their business. 

Loggers were divided into three equal groups based on the percentage of pine they 

harvested. A significant difference was found between the mpss of those who had 

harvested more than 85% pine and those who had harvested less than 60% pine. As more 

hardwood was being harvested, loggers experienced decreasing returns to scale at an 

earlier stage. The median mpss for crews working lower percentage pine tracts was 

43,650 tons per year, while it was 73,793 tons for crews harvesting 85% or more 

softwood. This difference may be linked to deck congestion often associated with mixed 

stands. As the number of sorts increase, it is more difficult for a single loader to handle 

the incoming trucks. Assuming 220 working days per year, the mpss for the larger 

hardwood crews would be around 8 loads a day. This appears to be a rational production 

level for such operations required to spend a great deal of time bucking and sorting logs. 
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Loggers were then segregated according to their estimated hauling distances. The top and 

bottom quartiles were compared to measure the influence on the mpss of hauling 

distance. The top quartile loggers, those hauling over 40 miles, had a median mpss of 

75,496 tons. This was significantly different than the lowest quartile loggers who had a 

median mpss of 55,528 tons. Both the Mann-Whitney and the t-test were statistically 

significant at a = 0.05. Although not experimentally measured in the study, it is 

suspected that distant loggers, those on the fringe of the procurement area, may tend to be 

working larger tracts than those closer to the mill and those working in more urban areas. 

Without the burden of having to change locations as frequently as smaller tract loggers, 

long-haul loggers may benefit from increasing job scale at the expense of mobility. 

It can be assumed that a production level of 6 to 8 loads is the standard to ensure a 

minimum income level. Delivering 8 loads with a hauling distance of 60 miles will 

require almost twice as many trucks as delivering the same 8 loads at a distance of 30 

miles. The capital and licensing costs on trucks and trailers command high output levels. 

Just the same, as several truck drivers are still paid on production, a logger will only 

attract and retain drivers if they achieve high production. Loggers on long haul may 

therefore work more hours to cover for these costs. 

6.2. Profitability and Technical efficiency 

High technical efficiency does not necessarily translate into high profit, or allocative 

efficiency. It is, however, incontestable that to maximize unitary profit a DMU must be 

technically efficient, and a logger must at least be scale-efficient to maximize total 

profits. In this section, hypothetical unit and total profits are computed and evaluated in 

relation to technical efficiency. 
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6.2.1. | Correlation Between Technical Efficiency and Profit 

The correlation between profitability and technical efficiency was evaluated for both the 

CCR and the BCC model. Profit, or a contractor’s financial margin,° can be measured on 

a unit basis or on a total basis. Revenues were not demanded from the loggers and were 

therefore not available for this analysis. Instead, total revenues were first computed 

assuming various unit rates. Correlation coefficients between technical efficiency and 

margin for a rate of $12 per ton were presented in Table 3.3 (Chapter 3). The coefficient 

of correlation between technical efficiency and unit margin is independent of the rate paid 

- 0.88 for the CCR and 0.80 for the BCC. At $12 per ton, the CCR model had a higher 

coefficient of correlation with total margin than the BCC model (0.77 versus 0.64). 

Total margin is a function of both the unit rate and volume produced. As the hypothetical 

rate ranged from $9 to $18 per ton, the coefficient of correlation varied, and the BCC 

model gradually provided a higher coefficient of correlation (Figure 6.6). Up to a paid 

rate of $13 per ton, the CCR model provided a higher coefficient of correlation between 

total margin and technical efficiency than the BCC model. Past that rate, the BCC model 

always provided a higher coefficient of correlation. 

  

© The term margin was preferred to profit since losses may also be incurred. 
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Figure 6.6 Pearson’s coefficient of correlation between the DEA models and total 

margin as a function of rate paid. 

The fact that, based on the loggers in the sample, the BCC model provided a better 

correlation with total margin may indicate that some larger contractors who had lower 

overall technical efficiency may have had financial incentive to forego the mpss and 

rather chose to focus on total margin. This may be an indication that the rate paid by the 

procurement organization may influence the scale size at which a logger chooses to 

operate. 

6.2.2. Margin Maximization and the Most Productive Scale Size 

Loggers may be willing to forego optimum technically efficiency and increase output 

capacity beyond the mpss to maximize total margin rather than unit margin. For the 
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complete data set, it was established that the BCC model deemed many large 

observations scale-efficient although they experienced decreasing return to scale. It was 

ascertained from the efficiency results included in Chapter 4 and in Table 6.8 that several 

larger contractors were experiencing decreasing returns to scale. 

Intuitively, the smaller the unit price, the more important overall technical efficiency is. 

When small unit rates are paid, technical inefficiency may erase any profits. As the rate 

paid increases, it becomes increasingly lucrative to increase production, in some cases, 

even at the expense of technical efficiency. Other elements beside unit rate may factor 

into the decision of a contractor to settle at a given operation size. The most obvious are 

weekly quotas, equipment financing, and tract size. 

In section 6.1, the mpss was measured for the whole sample as well as for various sub- 

samples. In theory, the mpss is the point where a contractor would achieve highest 

technical efficiency, minimize average unit cost, and maximize unit margin. The 

correctness of this latter point was verified experimentally using the available data set. 

Only loggers with efficiency above 90%, as measured by the BCC model, were selected. 

This way it was possible to link differences in revenues to differences in scale efficiency, 

without the “noise” introduced by technical inefficiencies. Shifts in the size at which 

total margin is maximized as a function of the rate paid were also observed. 

By varying the hypothetical unit rate paid to the loggers it was possible to observe how 

the size at which profit was optimized shifted. For each unit rate, two least-squares 

regression lines were computed and plotted: one for the unit margin and the other for 

total margin. Both data sets were modeled assuming a binomial equation to allow for 

increasing and decreasing returns to scale. A binomial model also yielded a better fit than 

either the linear and log functions. 
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The total margin and the unit margin were plotted as a function of operation size for a 

rate of $13 per ton (Figure 6.7). Both functions are plotted on the same graph; the unit 

margin refers to the axis on the right, while total margin refers to the axis on the left. The 

operation size for which total or unit margin would be maximized is located at the point 

where the tangent of the margin function has a slope equal to zero. Mathematically, this 

point can be computed easily by setting the derivative of y with respect to x equal to zero. 

In accordance with the economics theory of the firm, this derivative also defines the least 

cost point, the size at which all inputs are fully utilized. The operation size at which unit 

margin is maximized is: 

2x (-123E-10)x+2E-5 = 0 

x = 81,300 tons 

A logger producing at that exact scale size would be expected to have a unit margin of 

$3.47 per ton. 
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Figure 6.7 —‘ Total and unit margin as a function of production for a unit rate of $13 per 
ton. 

If those same 32 loggers with technical efficiency greater than 90% were paid $13 per 

ton, the total margin would be maximized at a production level of 132,000 tons. 

Assuming 220 working days in a year, this would translate into approximately 24 truck- 

loads per day at 25 tons per load. Assuming 40 cords to the acre, a crew of that size 

would clearcut a 40-acre tract in less than two weeks. 

When the rate paid is increased to $16/ton, maximum total margin would be achieved at 

an even higher volume: 182,000 tons (Figure 6.8). 
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Figure 6.8 Total and unit margin as a function of production for a unit rate of $16 per 
ton. 

The operation size at which unit margin is maximized remained unchanged at 81,300 

tons. The highest achievable unitary profit would be exactly $3 higher: $6.47. 

The higher the rate, the more difference there is between the point of maximized unit 

margin and the point of maximized total margin. As the rate is decreased, the two 

optimums draw closer. There exists a rate at which unit margin and total margin are both 

maximized at the same scale size. For this sub-sample, it was estimated to be slightly 

below $9.75 per ton (Figure 6.9). At that rate, unit and total margin are maximized at 

approximately 81,000 tons. Ata rate of $9.75, a few contractors are still able to turn in a 

profit, but very little production elasticity remains in the system. 
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Figure 6.9 = Total and unit margin as a function of production for a unit rate of $9.75 

per ton. 

As expected, total margin is greatly dependent on the rate paid for delivered wood. Fora 

rate of $9.75 per ton the optimum size was approximately 81,000 tons. When the rate 

was increased to $13 the maximum total margin was 132,000 tons, and it was 182,000 

tons for a rate of $16 per ton. 

The optimal scale size based on the unit margin is independent of the rate paid. For the 32 

observations with efficiency above 90%, unit margin was always maximized at a 

production level of approximately 81,000 tons regardless of the unit rate. The mpss 

previously computed for the whole data set was 66,000 tons. These two values are fairly 

close to each other. It must be noticed that the mpss was obtained with DEA and was 

based on the whole data set, while the point of maximum unit margin computed here 
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resulted from a least-square regression function based only on those loggers with a 

technical efficiency over 90%. The difference between the mpss and the point of 

maximum unit margin may be attributed in part to computational procedures, but more 

likely, it is because the computations were performed on different reference sets; one 

included all observations, while the other computed only the most efficient. 

Firms in a competitive market optimize their margin by producing the quantity of output 

at which the rate paid is equal to the marginal cost (Indyck and Rubinfeld 1989). It was 

possible to compute the average cost and marginal cost for the 32 observations included 

in the previous margin analyses and obtain yet an other estimate of the relationship 

between margin and volume produced. 

First, an equation expressing total cost as a function of annual production was computed.’ 

Then the average and marginal costs were computed based on that function. The average 

cost (AC), the marginal cost (MC), and the marginal revenue (MR) line are plotted on 

Figure 6.10. 

  

7 Cost = 0.00003x(Production)* + 5.0785x(Production) + 144,348 
r = 0.986 
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Figure 6.10 Optimum size in relation to marginal cost (MC), average cost (AC), and 

marginal revenue (MR). 

Once again, it can be observed that average cost is minimized at a production size near 

80,000 tons. The AC curve reflects the presence of increasing returns to scale up to that 

size, and decreasing returns afterward. Total margin, however, increases as long as 

marginal cost is smaller than the rate receive per unit. For example, if the rate paid is $13 

per ton, loggers would benefit from expanding production up to a volume of 

approximately 135,000 tons. For a rate of $16, total margin would be maximized at 

approximately 180,000 tons. So, even when using a different approach, it is again 

demonstrated that maximum overall technical efficiency (mpss) will rarely equal 

maximum total margin. In fact, these two are only equal if the rate paid is equal to the 

least cost. 
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For small loggers producing to the left of the minimum average cost, striving for better 

overall technical efficiency is legitimate since it allows them to increase their unit and 

total margin. Larger contractors who are on the upward sloping side of the average cost 

curve (to the right of the mpss) do not benefit from increased overall technical efficiency 

unless their marginal cost is above the marginal rate. This does not mean that efficiency 

is not important; only the contractors with a “pure” (BCC) efficiency of 90% or higher 

were included in Figure 6.10. For a given scale size, loggers with lower efficiency had, 

in general, higher costs than the more efficient ones. The average and marginal cost 

curves were computed for the loggers with efficiency between 90% and 75%, and for 

loggers with an efficiency ratio below 75% (Figure 6.11). 
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Figure 6.11 Marginal and average cost curves for three different level of pure (BCC) 

technical efficiency. 
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The most BCC-efficient loggers have a lower average cost curve than the other two 

groups. Yet, operating size remains important as a 90+% efficient logger producing 

25,000 tons is likely to have similar unit cost as a less efficient one (75%<TE<90%) 

producing near 125,000 tons. As previously demonstrated loggers often move from 

periods of high efficiency to periods of lesser efficiency as equipment is replaced or the 

working environment changes. Accordingly, a same logger can move from one cost 

function to another. 

In all three efficiency groups many contractors appear restricted to the negatively sloped 

section of the average cost curve. It is likely that managerial and environmental factors 

restrain these loggers from producing above the mpss. The slope of the AC curve is 

steeper to the left of the minimum cost point. Therefore, loggers to the left of the least 

cost point may expect their unit cost to change more drastically for a proportionate 

change in production as compared to loggers to the right of the mpss. 

The relationship between aggregate efficiency and total margin is different depending 

whether a logger is to the right or left of the mpss. For example, contractors increasing 

overall technical efficiency and production from 25,000 tons to 75,000 tons increase their 

margin (both unit and total). But once passed the mpss, near 75,000 on Figure 6.11, 

overall technical efficiency decreases, and, as long as the logger remains BCC-efficient, 

total margin increases until marginal cost equals marginal revenue. In practice, this 

signify that loggers placed on a 75% quota (relative to regular wood orders) will 

experience a decrease in total and unit margin if they are located to the left of the mpss, 

while those located to the right will see a decrease in total margin but an increase in their 

unit margin 
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It is unlikely that all contractors were paid the same unit rate. Therefore, the relationship 

between scale size and financial margin cannot be restricted solely to unit price. 

Nevertheless, these case studies based on high-efficiency loggers clearly indicate that 

there may be financial incentives related to the unit rate for contractors to generate more 

cash flow at the expense of overall technical efficiency. 

6.5 Summary 

Technical efficiency was used to rank loggers according to their ability to transform 

capital, consumables, and labor (inputs) into tons of delivered wood (output). Among the 

most and less efficient loggers, some could blame or credit their performance on 

managerial decisions and environmental conditions. 

Contractors who had incorporated their business tended to be more efficient than those 

loggers operating as sole proprietors or general partnership. But this information has to 

be interpreted carefully since it was found that the type of business incorporation is 

closely linked to a logger’s operation size. 

Operation size was also suspected to have an influence on technical efficiency. When the 

complete sample was considered, the mpss_ was located near an annual production level 

of 66,000 tons. Many loggers operating at a smaller operation size were experiencing 

increasing return to scale. Several contractors who were operating at a scale size larger 

than 66,000 tons were experiencing decreasing returns to scale. 

Larger loggers may have chosen to forego maximum technical efficiency to maximize 

their total margin instead. But regardless of their size, and in accordance with the theory 
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of the firm, loggers are better off maximizing their total margin. Contractors located in 

areas where quotas or tract size limit the operation’s scale have the advantage of focusing 

on high technical efficiency, as it allows them to increase both their unit and total 

margins. Also, a procurement organization may lead its suppliers into optimizing 

ageregate efficiency as it attempts to minimize fiber cost. In such circumstances, loggers 

are almost continuously on the verge of bankruptcy and are financially unable to provide 

surge production, nor to hunker down and reduce their output level when market demand 

is reduced. Knowledge of the general shape of the average and marginal cost curves may 

help procurement organizations to design a more efficient wood supplying system. 
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Chapter 7 DISCUSSION 

This project had two major objectives: 1) developing of an evaluating tool capable of 

measuring the technical efficiency of logging contractors based on their output 

production and input consumption, and 2) using the models to gain insights on the 

managerial and operational factors which impact the technical efficiency of logging 

operations. 

7.1. The DEA Models 

Nonparametric data envelopment models were coded and used to measure the technical 

efficiency of logging contractors. The DEA models were based on recent developments 

in the field of efficiency measurements and were programmed on Mathematica for 

Windows 95. A minimum of experience with spreadsheets and computer programming is 

sufficient to use and customize the models. In their final form, the DEA models were 

transparent and it was easy for the user to modify or add sub-routines to the software. 

Input and output information was stored in separate data files that were accessed 

automatically by the Mathematica model. Mathematica appeared well-suited to handle 

the computational-intensive fractional-linear programming models. The model generated 

a considerable amount of efficiency ratios, scale-size information, and factor weight 

values. This information was copied from Mathematica into a spreadsheet for further 

analysis. 
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7.2. Efficiency Measures 

The DEA models provided a measure of relative technical efficiency, as each observation 

was compared with all the others in the sample. Loggers were evaluated on the efficiency 

with which they converted inputs - dollars of capital, consumables, and labor - into 

output, or tons of wood. Loggers were then ranked in regard to their efficiency ratio. 

The most efficient loggers were identified, and served as models to the less efficient. 

The DEA results were compared with those obtained with a proven parametric model to 

validate the results. Overall, DEA and the parametric approach provided similar results. 

Yet, the few discrepancies between the two models usually favored the DEA ratios and 

involved observations with unusual behaviors. For example, the parametric model did 

not appear sensitive enough in some circumstances where it failed to notice efficiency 

differences in behavior between loggers or between years. 

Efficiency was the only performance criteria measured with DEA in the course of this 

project. By themselves, the efficiency ratios are an incomplete measure of performance. 

To provide a more comprehensive account of the contributors to good or poor efficiency, 

the ratios were placed and studied in their operational context using field observations. 

Overall, it appeared that southern logging contractors are efficient, but some are 

considerably less efficient than their peers. Loggers tended to move from a period of 

efficiency to a period of lesser efficiency, although some were considerably more stable 

than others. 
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The possible effect of operation size on efficiency was taken into account with two 

different DEA formulations: one assumed constant returns to scale and is known as the 

CCR formulation; the other allows for variable returns and is referred to as the BCC 

formulation. Both models were programmed and used to generate efficiency ratios. Fifty 

percent of the observations had an efficiency ratio above 80 or 85%, respectively, 

depending on whether constant (CCR) or variable (BCC) returns to scale were assumed 
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Figure 7.1 | Ogives of the cumulative frequency as a function of technical efficiency. 

The sample’s distribution shape is potentially more enlightening than the median or 

average efficiency. When the CCR model was used, half of the observations had an 

efficiency ratio between 70 and 80%. Overall, the sample’s efficiency distribution 

indicated no major gap or disturbance. No logger had an efficiency ratio below 50%. 
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Partial efficiency ratios were computed using non-radial DEA models to measure the 

efficiency with which each input factor was converted into output. The distribution of the 

partial efficiencies is displayed in Figure 7.2. 
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Figure 7.2. Ogives of the partial efficiencies in regard to capital, consumable, and 

labor. 

Most loggers had difficulty achieving high partial efficiency in regard to capital, or, 

alternatively, a small group of contractors performed much better than the rest of the 

sample. Half of the observations had an efficiency ratio lower than 45%, of which most 

were tightly grouped between 25 and 45% as demonstrated by the steep slope of the 

ogive. Capital efficiency was key to high efficiency since it was demonstrated that 
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efficient loggers, those with a technical efficiency above 90%, achieved much higher 

factor productivity in regard to capital than the partial and less efficient loggers. 

Compared to capital, consumables efficiency ratios were more tightly distributed. Labor 

had the highest median efficiency of the three input factors. Three different sections can 

be identified on the ogive: a first one indicating a group of loggers with efficiency below 

70%, a second group between 70 and 95%, and a third group, comprising approximately 

20% of the observations, with an efficiency above 95%. Among the contractors who had 

labor efficiency below 70%, a majority were loggers producing less than 40,000 tons per 

year. 

7.3. Assessment of Factors Influencing Efficiency 

7.3.1. Market Forces 

The period covered by this study was characterized by production increases throughout 

the South. Most loggers increased their output and their production costs noticeably, 

especially between 1990 and 1994. Of the three inputs measured in this project, labor 

expenses increased most substantially. The strength of the southern labor market in the 

1990’s was suspected to have greatly influenced the wages paid by the contractors during 

that period. 

Better market conditions did not translate immediately into higher technical efficiencies 

in the logging force. In the early 1990’s, for many loggers, capital investments were 

necessary because of years of decreasing equity. At the same time, many contractors also 

reported investing into wet-weather equipment in response to mounting environmental 
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regulations. Both factors created a situation where loggers had to invest significantly in 

equipment. Without proportional increases in production, capital efficiency plummeted. 

From this, it may be concluded that during a period of weak market demand, loggers 

maintained profits by increasing efficiency at the expense of their business equity. More 

favorable periods allowed loggers to rebuild equity, sometimes at the expense of 

technical efficiency. 

Loggers who choose to or have to maintain efficiency in the short-term by not reinvesting 

in equipment will eventually be forced into equity growth if they are to maintain 

production. Loggers rebuilding their equity typically had low technical efficiency, 

especially in regard to capital, and found themselves vulnerable to low-output situations 

such as quotas or wet weather. Several contractors experienced increases in production 

that did not contribute to higher efficiency because capacity increased at a faster rate. 

This was the case of a couple of loggers who were positioning themselves to become 

larger producers. 

7.3.2. Capacity Utilization 

When faced with recurrent quotas, some contractors achieved high efficiency by using 

depreciated equipment. This strategy appeared appropriate for loggers who had abundant 

time to repair and maintain the machinery during quota-related downtimes. In a sense, 

these loggers were lowering production capacity to match the procurement manager’s 

philosophy in that area. These loggers may be achieving system efficiency, but in a way 

that does little to support the long-term development of either their business or the wood 

supply system of which they are a part. 
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Capacity utilization and technical efficiency of a logging contractor were carefully 

tracked on a quarterly basis. There was strong evidence that low capacity utilization had 

a negative impact on technical efficiency; quarters when capacity utilization was high 

were more likely to have a high technical efficiency ratio than quarters with a low 

capacity utilization. 

The relationship between capacity utilization and partial efficiencies indicated that, at 

least for some loggers, labor costs are not as variable as many may expect. During 

periods of low production, some loggers may not be in a position to reduce labor costs 

sufficiently to remain technically efficient. The cause appeared to stem out of a common 

concern by loggers to avoid temporary layoffs, as skilled workers may be permanently 

lost to other employers. 

7.3.3. | Hauling Distance and Tract Composition 

Differences in the physical environment were accounted for through a complexity factor. 

The complexity factor was limited to include the changes in hauling distance, percentage 

of pine harvested in relation to hardwood, and capacity utilization. Of the three, on an 

annual basis, hauling distance and percentage of pine seemed to have the most impact on 

efficiency. 

Loggers with a high complexity factor tended to have a lower technical efficiency. 

Annual production appeared to be independent of the complexity factor, but cost per ton 

was significantly higher for loggers operating in a high complexity environment. These 

relationships may indicate that southern loggers’ production levels were regulated more 

by mill inventories than by tract conditions. 
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7.3.4. Sorting Species 

The impact of in-woods sorting on loggers’ efficiency was studied. The production and 

cost penalty of sorting were estimated for two contractors based on time studies 

conducted during this project. Using these estimates in the DEA model, it was computed 

that technical efficiency could increase by 7 to 12 % if sorting requirements were reduced 

to only 15% of loader operating time. Partial efficiency in regard to labor appeared to 

have benefited the most from reduced sorting. Both operations involved with the sorting 

analysis were small output jobs. Low output contractors often seemed to lag behind the 

larger loggers in regard to labor efficiency. Loggers doing their own trucking could 

conceivably achieve larger efficiency increases, assuming that their trucks were available 

to haul from the processing yard to the various markets during a second work shift or 

during wood operations down-times. 

7.3.5. Suppliers’ Status 

Loggers were compared in their ability to remain technically efficient year after year in 

relation to changes in the complexity factor. Of those contractors who displayed the most 

stability in their level of efficiency, a majority could be considered as enjoying a 

preferred-supplier status. Of the most sensitive loggers, none was identified as operating 

under a preferred-supplier agreement. 

During the period studied there was a trend towards more loggers joining preferred- 

supplier program. The transition period was documented for two loggers in the study, 

and technical efficiency was clearly improved in both cases. More specifically, their 
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improved status provided them with more predictable wood orders and higher capacity 

utilization. 

7.4. Scale Size and Financial Margin 

Loggers were divided into three groups depending on their efficiency ratio. Those with 

technical efficiency above 90% were deemed efficient, those between 80 and 90% 

partially efficient, and those below 80% less efficient. The efficient loggers had a median 

production level of 62,383 tons per year, the partially efficient loggers had the smallest 

median, 56,064 tons; and the less efficient loggers had the largest, 82,217 tons. 

On average, approximately a quarter of all inefficiencies were scale-related. Several 

larger and smaller operations had all or most of their inefficiencies resulting from their 

operating scale. When only those loggers located on the BCC envelope were considered, 

i.e., those who were efficient given their operating scale, it was found that loggers 

experiencing increasing returns to scale had a median production of 29,000 tons. Loggers 

experiencing constant returns had a median of 66,000 tons and those experiencing 

decreasing return had a median of 227,000 tons. 

A third indication that the middle-size operations tended to be the most efficient was 

obtained by computing the most productive scale size (mpss) of each observation 

included in the sample. The mpss corresponds to the level of output a logger would need 

to achieve 1005 efficiency given his level of input consumption, the projected point on 

the envelope. The average mpss for the sample 64,434 tons per year. 

Three operating characteristics were isolated to verify whether they had an influence on 

the most productive scale size. There were little statistical evidence indicating that a 
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logger’s hauling policy, whether he contracted out his hauling operation or did it himself, 

had an effect on efficiency. There was some indication that hardwood loggers reached 

decreasing returns to scale at a smaller size than did pine loggers. Finally, hauling 

distance was found to have the most significant effect on mpss. Loggers on longer hauls 

tended to reach their mpss at a higher size than loggers on shorter hauls. 

The DEA models indicated that many of the smaller operations could have achieved 

higher technical efficiency by increasing their scale size. A common strategy with 

smaller jobs was to use depreciated equipment. Labor efficiency tended to be lower for 

these operations as the burden of sustaining production was then transferred the 

equipment to the workers. 

The operation sizes at which unit margin and total margin were maximized were 

estimated for various unit rates paid for delivered wood. Based on a sample of 32 

observations with a BCC efficiency above 90%, it was estimated that a logger’s unit 

margin was optimized at an operating size of 81,000 tons. Unit margin was always 

maximized at that scale regardless of the rate paid. Total margin was optimized at an 

operating size which varied with the rate paid. For a rate of approximately $9.75 per ton, 

total margin was optimized at an operating size of 81,000 tons, the same size as which 

unit margin was maximized. But as the rate increased, so did the operating size for which 

total margin was maximized. For example, for a rate of $13 per ton, total margin was 

optimized at an operating size of 132,000 tons, and at a rate of $16 per ton, it was 

182,000 tons. 

Based on the margin functions, it appears that a logger could benefit from a production 

increase even if the rate is slightly decreased. For example, at a rate of $13 per ton, a 

logger producing 90,000 tons may expect a total margin of $325,000. If allowed to 

increase his production to 105,000, this logger would net the same margin for a rate of 
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$12.75 per ton. At rates below approximately $12, no logger could achieve such a high 

total margin regardless of the operation size. 

If a procurement organization fixes its rate at or near the minimum average cost, the 

contractors will converge towards the mpss. The system will have no production 

elasticity; any increase or decrease in output will cause loggers to lose money. 
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Chapter 8 CONCLUSION 

8.1. The Models 

The models developed during this research provided a reliable estimator of technical 

efficiency and yielded useful insights on the factors that affect operating costs. The 

partial efficiency measures helped distinguish between the merits of operating strategies 

loggers had selected. The models were much simpler to use and interpret than what one 

may expect from a math programming approach. In fact, one may argue that they are 

more straightforward that their parametric alternative. 

The approach should be intuitively appealing to managers because the envelopment 

surface defines the best practice standard based on actual observations -real loggers- and 

not a composite operation based on system simulation. Another strength of the model is 

its ability to measure and rank loggers without disclosing financial information. With 

this kind of study, it is a constant preoccupation not to reveal delicate cost data for fear 

that a specific logger could be identified. The efficiency ratios, while correlating closely 

with unit cost, cannot be converted into dollars. 

In fact, it would be conceivable to compute technical efficiency without cost information. 

Input and output need not be in the same measurement or scale units; it would be 

possible, for example, to compute efficiency based on the number of machines, number 

of employees, average tract size, and numbers of hour worked for inputs, and tons of 

wood, site quality index, and number of days with deliveries as possible outputs. Those 

are all values readily available to a procurement manager. 
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The model’s main drawback resides in the need to investigate closely each unitary 

efficient logger and to make sure efficiency was not entirely based on a single input 

factor, while neglecting the others. This is a consequence of the model’s attempts to 

present each observation in its best light. Several observation were deemed unitary 

efficient in the course of the DEA analysis, and in some cases it was difficult to justify 

why. This limitation can be alleviated by studying and controlling factor weights. 

8.2. The Systems 

The southern wood supply system has remained largely unchanged during the last 15 

years: it harvests mostly tree-length, and it is centered on a feller-buncher and one or 

more grapple-skidders. This system has reached a level of maturity that may be 

unmatched anywhere else in the world where mechanized harvesting is practiced. An 

established system is expected to have a relatively compact technical efficiency 

distribution. Consequently, it should not be surprising that this project measured a high 

median technical efficiency with a small standard deviation. 

As systems adapt to changes, DEA can be used to measure the impacts and evaluate the 

strategies adopted by the loggers. In areas experiencing important disturbances, such as 

the Pacific Northwest, logging must practically be learned all over again as loggers move 

from large clearcuts in old-growth forest, to smaller partial cuts in younger stands. 

Compared to an established system, a lower median technical efficiency is likely for a 

transitional system, as greater differences may be observed between the most and less 

efficient loggers. The variation should be reduced as knowledge is acquired and shared. 

DEA appeared as a proficient tool to track how technical efficiency changes with time. 
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8.3. Efficiency, Size, and Profits 

In general, the most efficient loggers were those who achieved higher capital efficiency. 

Among these most efficient loggers, some appeared to attain efficiency at the expense of 

business equity. In such cases, technical efficiency may lead to production problems in 

the near future. Often these contractors would record one or two years of high efficiency, 

then, when forced to replace equipment, undergo a dramatic drop. 

High unitary efficiency achieved sporadically may be less desirable than stability at a 

slightly lower efficiency because it may indicate a lack of operational elasticity. Just as 

100% capacity utilization is undesirable for any production unit (Goldratt 1992), 100% 

technical efficiency may not be the goal loggers should be striving for. In this research, 

the DEA computations were based on actual observations, of which none operated at full 

capacity all of the time. The analyst is protected, therefore, from this pitfall. Still, the 

questions of what is a “good” technical efficiency level, and what are the characteristic of 

efficient contractors remain. 

Loggers in the study maximized their overall technical efficiency for a production size in 

the range of 60,000 to 80,000 tons per year. The most productive scale size (mpss) is also 

the size at which average costs are minimized, so unit margin was maximized at that scale 

regardless of the rate paid. 

In agreement with microeconomics theory, it was observed that loggers would maximize 

their total margin for a higher production volume, which corresponds to the size at which 

marginal cost is equal to marginal revenue -the rate paid. Therefore, as long as the rate 
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paid is higher than the minimum average cost, a logger will always have the advantage to 

produce at a size larger than the mpss. 

It may be difficult for the procurement organization to aim at fostering contractors who 

maximize total margin instead of maximizing unit margin. After all, the logger’s profit is 

the procurement cost. But the most efficient loggers, those who minimize average cost, 

may be the closest to going out of business. On the other hand, it may still seem odd to 

many procurement managers to favor a system where loggers maximize their revenues. 

In period of low market demand, for example, quotas may be imposed and loggers may 

be forced away from the point of maximum total margin. The same results could be 

achieved by reducing unit rate, but then all the loggers who are already operating on a 

narrow margin because of operational inefficiencies will get even closer to bankruptcy. If 

the company treats them more favorably to help them out, the most efficient ones end up 

subsidizing the less efficient. Therefore, it is reasonable to believe that a certain level of 

efficiency is necessary for a logger to make it through. 

The DEA envelope computed with the BCC is convex and includes sections where 

returns to scale are increasing, constant, and decreasing. A hypothetical one input/one 

output production space is illustrated in Figure 8.1. A straight line and a convex 

envelopment surface are plotted. Loggers above and below the mpss had various degree 

of scale inefficiencies and accounted for the convex envelope. In comparison, a constant 

returns to scale model would yield, for the same observations, a straight line frontier. The 

shaded areas wedged between the straight line and the convex envelope indicates scale- 

related inefficiencies. 
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Figure 8.1. —_A graphical representation of the efficiency envelope and the implication 

of variable returns to scale. 

Area A represents the scale inefficiency observed at the lower operation scale. Many of 

the smaller operations were plagued by quotas or low wood orders. Therefore, it is 

hypothesized that area A may in part reflect the cost of idle capacity. 

In their attempt to remain efficient, many smaller jobs rely on older equipment. This 

helps achieve high capital efficiency, but labor efficiency is lower than in the other 
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sections, as employees are paid for idleness and maintenance work. It will be 

increasingly difficult for small contractors to remain competitive if labor costs continue 

to increase. The entry cost may rise, and larger volume will be required. With similar 

labor costs, as volume is increased, a four-employee crew will produce more wood if 

larger, newer machines are used rather than older equipment. 

Area B is a consequence of the decreasing returns to scale experienced by the larger 

loggers. As they expand production beyond the mpss, loggers displayed lower overall 

technical efficiency. Nevertheless, it was demonstrated that in regard to production 

economy, the BCC-efficient loggers were maximizing their total margin at a larger size 

than the point of maximum technical efficiency. 

The reasons for which most larger contractors were experiencing decreasing returns to 

scale are not entirely understood. A detailed analysis of tax issues, overhead costs, and 

procurement issues such as tract size and management red-tape appears necessary to fully 

explain returns to scale in logging. It does appear clear, however, that focusing on the 

least cost, places contractors in a difficult situation where any deviation from their 

production volume cost unit cost to increase. 

Interviews revealed that small contractors are aware of the factors limiting their 

productivity and efficiency. Quotas was the most common complaint. On the other 

hand, a few contractors who owned large operations expressed their desire to reduce their 

scale of operations: 

“T think the logging job of the future is a smaller job for many reasons. 

For one, tract size is getting smaller. There’s a lot to be said for what a 3- 

to-4-men crew with one cutter, one big skidder, and one big loader with a 
delimber can do. Eight to 10 loads a day would be a good profitable 

production level. Smaller jobs are more ‘friendly’; people around hardly 
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know that you are there. When a big crew comes in, it’s like a circus: 20 

to 25 loads a day coming rolling out of a tract draws a lot of attention.” 

Logger V 

“Td like to get smaller, more efficient.” 

Logger U 

Given the type of mechanized system included in this project, there is a production level 

below which contractors cannot justify the entry cost. Thirty years ago the entry cost was 

relatively low: a bob-tail truck, a pair of mules, and a bow-saw was all one needed to be a 

logger. During weeks of idle time, the work force would find employment elsewhere, 

often on farms. Today, if mechanized felling and skidders are utilized, even second-hand, 

owning and operating costs are substantial, and operators demand permanent 

employment. Among those loggers closest to the entry point, the most efficient were all 

using depreciated equipment. In Chapter 6 a complex of 32 BCC-efficient observations 

was used to generate the following cost function: 

Cost = 0.00003x(Production)’ + 5.0785x(Production) + 144,348 

The aggregate fixed cost, the minimum capital required to enter mechanized logging is 

$144,348. This is approximately the cost of a used equipment-based logging operation. 

Based on this cost function, the average cost and marginal cost curve were computed 

(Chapter 6, Figure 6.10). Depending on the rate paid - marginal revenue- loggers will 

move away or closer to the point of maximum technical efficiency, i.e., the lower average 

cost. Based on the loggers in this study, a rate of $12 per ton would allow a wide range 

of operating size - from 25,000 to 250,000 tons. If minimum cost is paid, loggers are 

forced to maximum technical efficiency, and no elasticity is available: no matter which 

way they move, up or down, their profitability is reduced. For every dollar above the 

minimum cost, the procurement organization buys more production elasticity. 
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Still, unless they fill a niche in the procurement system, smaller loggers may have fewer 

options to maximize profits. They are less able to capture the full advantage of short- 

term opportunities - they are less elastic- and can only concentrate on efficiency to 

maintain profitability. 

There remains a lot of uncertainties concerning the influence of the various factors 

affecting efficiency, and the relationship among size, efficiency, and profits needs to be 

further investigated. The models proposed in this research should be useful to expand the 

knowledge of logging systems and procurement strategies. 

8.4. Suggestion for Further Research 

1. More loggers should be added to the sample and be expanded both in the South and 

in other regions. 

The conclusions in regard to what affects efficiency need validation through a larger 

sample. It is especially important to collect more data from larger contractors. Ina 

second phase, with data from other regions, national or international, the location of each 

system’s envelope could be compared. This would constitute an opportunity for an inter- 

regional efficiency study. Similarly, different harvesting systems such as whole-tree 

chipping, thinning, or cut-to-length processors could be added for comparison purposes. 
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2. Further research should be conducted to document the costs of labor, its components, 

the compensation systems, and how it may be affected by the increased 

industrialization of the South. 

Labor cost in the sample showed signs of decreasing efficiency. It was hypothesized that 

increased competition for labor has been driving up costs. Logger Q, who had the most 

comprehensive compensation system in the sample, may be representative of what will be 

required in the near future by southern contractors as far as salary and fringe benefits to 

compete with the manufacturing plants operating in the region. 

3. The inclusion of categorical data in the DEA models to account for quality dimension 

as well as other performance criteria should be considered. 

The field of research concerned with DEA is expanding. More refined techniques are 

being developed. For example, the Full Disposable Hull (FDH) is a recent modification 

of the DEA formulation for which the convexity constraint is relaxed. The forestry sector 

should remain aware of the theoretical and applied developments in efficiency 

measurement. 

4. Consider more closely the influence of taxes and how these may influence capital 

investment. 

Tax-motivated decisions have a defirite impact on a logger’s strategic planning. In the 

course of this research it appeared that many strategic decisions were tax related. They 

were, however, difficult to identify, and even more so to quantify. 
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Appendix A. Mathematica Models 

The Mathematica models were programmed following a modular structure. Module 1 is 

an introductory module which present the format requirements necessary to properly load 

and run the models. The second module is interactive and is used to read the data file. All 

the models used in the dissertation were included in Module 3. The models are presented 

as they were coded for the Mathematica environment. 

MODULE 2 Specification and Reading of Input Data File 

Specifying Input Parameters 

$PrePrint = Short[#,2]& ; 

Input["How many outputs?"}; 

out = % 

Input{"How many inputs?" J; 

in=% 

Input["How many observations?"]; 

obs = % 

Input["Input a value for Sigma?"]; 

sig = % 

Reading the Data File 

InputString["Please type in the complete file name along with the directory where the 

file is located. i.e. c:\data\datafile.dat"]; 

filename = % 

OpenRead|filename] 
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Creating Variables and giving them test values 

datamatrix =Do[ 

Do[ (y[1,k] = Read[filename,Number]), {1,out} ]; 

Do[ (x[j,k] = Read[filename,Number]), {j,in}] 

,{k,obs}] 

MODULE 3 DEA Models 

Input Reducing Model (IRM) 

Constant Return to Scale - Model M3 

Array of Constraints 

Do[ ineqIRM[i] = Sum[ z[j] xij], {j,obs}] <= theta x[i,l], {i,in}] 

Do[ ineqIRM[itin] = Sum[ z[j] y[i,j], {j,0bs}] >= y[i]], {i,out} ] 

Do[ ineqIRM[in+out+1+1i] = z[i]>=0, {i,obs} ] 

ineqIRM[in+out+1+obs+1] = theta >= 0; 

Print[ineqIRM[in+out+1+obs+1 ]] 

Array of Variables 

allIRM[1 ]= theta 

Do[allIRM[1+1i]= z[i], {i,obs} ] 

Efficiency Calculations 

Do[effIRM[l]= 

ConstrainedMin] theta, 
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Array [ineqIRM,in+out+1+obs], 

Array[allIRM,1+obs]]; 

Print[1];Print[effIRM[]]], {l,obs}] 

Do[Print[effIRM[1][[1]]], {i,obs} ] 

Input Reducing Model (IRM) 

Variable Return to Scale - Model M4 

Array of Constraints 

Do[ ineqIRM[i] = Sum[ z[j] x[i,j], {j,obs} ] <= theta x[i,]], {i,in}] 

Do[ ineqIRM[itin] = Sum[ z[j] y[i,j], {j,obs}] >= y[il], {i,out}] 

ineqIRM[in+out+1] = Sum z[j],{j,obs}] = 1 

Do[ ineqIRM[in+out+1+1i] = z[i]>=0, {i,obs} ] 

ineqIRM[in+out+1+obs+1 | = theta >= 0; 

Print[ineqIRM[in+out+1+obs+1]] 

Array of Variables 

allIRM[1 ]= theta 

Do[allIRM[1+i]= z[i], {i,obs} ] 

Efficiency Calculations 

Do[effIRM[l]= 

ConstrainedMin| theta, 

Array[ineqIRM,int+out+1+obs], 

Array[allIRM,1+obs]]; 

Print[1];Print[eff1RM[1]], {l,obs} ] 

Do[Print[effIRM[i][[1]]], {i,0bs}] 
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Output Increasing Model (OIM) 

Variable Return to Scale - Model M4 

Array of Constraints 

Dof[ineqOIM{i] = Sum[ zf[j] x[i,j], {j,obs}] <= x[i,]); 

Print[ineqOIM [iJ], {1,1} ] 

Do[ineqOIM[itin] = Sum[ z[j] y[ij],{j,obs}] >= thetaOIM yfi,l]; 

Print[ineqOIM[i+in]], {1,out} ] 

ineqOIM[intout+] ] = Sun z[j], {j,obs}] = 1; 

Print[ineqOIM[in+out+1 }] 

Do[ ineqOIM[in+out+1+i] = z[i]>=0; 

Print[ineqOIM[in+out+1+i]], {i,obs} ] 

Array[ineqOIM,int+out+1+obs] 

Array of Variables 

allOIM[1]= thetaOIM 

Do[allOIM[1+1]= z[i];Print[allOIM[1+i]], {i,obs } ] 

Array|allOIM,1+obs] 

Efficiency Calculations 

Do[effOIM[I] = ConstrainedMax[ thetaOIM, 

Array[ineqOIM,in+out+1+obs], 

Array[allOIM,1+obs]]; Print[]]; 

Print[effOIM1]], {l,obs} ] 

Do[Print(effOIM[i][[1]]], {i,obs} ] 
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Input Reducing Model (IRM) 

2 Stage model for Slacks* -Model M6- 

Array of Constraints 

m=1 

Do[ineqIRM[i]=Sum[ z[j]*x[1,j], {j,obs} ]+e[1,1]==theta[m,]]*x{i,1]; 

Print[ineqIRM[i]], {1,in} | 

Do[ ineqIRM[itin] = Sum[ z[j]*y[i,j], {j,obs} ]-s[i,]J== yal]; 

Print[ineqIRM[i+in]], {i,out} ] 

ineqIRM[in+out+1] = Sum[ z[j], {j,obs}] == 1; 

Print[ineqIRM[in+out+ 1 ]] 

Array of Variables 

Do[Print[allIRM[i]= z[i]], {i,0bs} | 

Do[Print[allIRM[obs+i]=e[i,1]], {1,in} ] 

Do[Print[allIRM[obs+in+1]=s[i,]]], {i,out} ] 

Efficiency Calculations 

DofeffIRM[1]= 

ConstrainedMin[ (-Sum[s[i,l], {i,out} |-Sum[e{j,1], {j,in} ]), 

Array[ineqIRM,int+out+1 ], 

Array[allIRM,obs+in+out]]; 

Print[1]; 

Print[effIRM[1]], {1,95,99} ] 

  

* Model contributed by Varlipar (1996) 
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CCR - Input Reducing Model (IRM) with Weight Restrictions 

Model M2 

Array of Constraints 

ineqIRM[1] = Sum[ v[j] x[j,H, j,in}] == 100 

v1] x{1, 1] + v[2] x[2, 1] + v[3] x[3, 1] == 100 

Do[ ineqIRM[i+1] = Sum[ ufj] y[j,i], {j,out}] - Sum[ v[j] xfj.i], {j,in}] <= 

0, {1,obs}] 

ineqIRM]1+1+o0bs] = v[1]>=.00001 

ineqIRM[2+1+o0bs] = v[1]<=.0005 

ineqIRM[3+1+obs] = v[2]>=.00001 

ineqIRM[4+1+obs] = v[2]<=.0005 

ineqIRM[5+1+obs] = v[3]>=.00001 

ineqIRM[6+1+obs] = v[3]<=.0005 

Do[ineqIRM[i+1+obs+2*in] = uli]>=sig, {i,out} ] 

Do[Print[ineqIRM[i], {1,1 +obst+in+out} ]] 

Array of Variables 

DofallIRMJi]= u[i], {i,out} ] 

Do[allIRM[it+out]= v[i], {1,1n} | 

Do|Print[allIRM[i], {1,out+in} }] 

Objective Function 

theta=Sum[u[i]y[i,1], {i,out} ] 

Efficiency Calculations 
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DofeffIRM[l]= 

ConstrainedMax{ theta, 

Array[ineqIRM,1+obs+2* in], 

Array[allIRM,out+in]]; 

Print[1];Print(efff[RM[]]], {1,1,78} ] 

BCC - Input Reducing Model (IRM) with Weight Restrictions 

Model MS 

Array of Constraints 

ineqIRM]1] = Sum[ v{j] x[j,1], {j,in}] == 100 

Do[ ineqIRM[i+1] = Sum[ ufj] y[j,i], {j,out}] - Sum[ v[j] x[j.i], {jin} ]-wn+wp 

<= 0 

 {1,0bs } | 

ineqIRM[1+1+obs] = v[1]>=.00001 

ineqIRM[2+1+o0bs] = v[1]<=.0005 

ineqIRM[3+1+obs] = v[2]>=.00001 

ineqIRM[4+1+obs] = v[2]<=.0005 

ineqIRM[5+1+obs] = v[3]>=.00001 

ineqIRM[6+1+obs] = v[3]<=.0005 

Do[ineqIRM[i+1+obs+2* in] = u[i]>=sig, {1,out} ] 

ineqIRM[1+obs+2*in+out] = wn >= 0 

ineqIRM[1+obs+2*int+out+1] = wp >= 0 

Array of Variables 

allIRM[1]= wn; 

allIRM[1+1]= wp; 

Appendix A. Mathematica Models 192



Do[allIRM[1+1+1]= u[i], {i,out}] 

Do[allIRM[1+1+1i+o0ut]= v[i], {1,in} ] 

Do[Print[allIRM[i]], {i,1+1+out+in } ] 

Objective Function 

theta=Sum[u[i]y[i,]]-wn+wp, {i,out} | 

Efficiency Calculations 

Dof[effIRM[l]= 

ConstrainedMax{ theta, 

Array[ineqIRM,1+2*in+obs+out+1 ], 

Array[allIRM,1+1+out+in]]; 

Print[1];Print[effIRM[]1]], {1,obs}] 

Non Radial Measures 

Input Reducing Model (IRM) - Fare-Lovell? 

Model M7 

Array of Constraints 

Do| ineqIRM[i] = Sum[ z[j]*x[1,j], {j,obs}] <= lamda[i]*xf[i,]], {i,in}] 

Do[ ineqIRM[it+in] = Sum[ z[j]*y[ij], j;0bs}] >= y[i,1], {1,out} ] 

ineqIRM[int+out+1] = Sum[ z[j],{j,obs}] = 1 

Do[ineqIRM[in+out+]1+i}=lamd2[i]<=1, {1,in} | 

Array of Variables 

Do[allIRM[i]= lamda[i], {1,1n} ] 

  

° Model provided by Varlipar (1996) 
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Do[allIRM[i+in]= z[i], {i,obs }] 

Efficiency Calculations 

DofeffIRM[l]= 

ConstrainedMin[ 1/in*(Sum[lamda[i], {1,in} ]), 

Array[ineqIRM,int+out+1+in], 

Array[allIRM,in+obs]]; 

Print[1];Print[eff1RM[1]], {1,1,1}] 

Asymmetric-Fare (Model M8) 

Array of Constraints 

Do[ 

Do[ ineqIRM{[i] = Sum[ z[j] y[i,j], {j,obs} ] >= y[i1], {1,0ut} |; 

Do[Ifi==h, 

ineqIRM[i+out] = Sum[ z[j] x[1,j], {j,obs}] <= theta[i]*x[i,]], 

ineqIRM[it+out] = Sum[ z[j] x[ij], {j,0bs}] <= x{i,]]], {1,1n} J; 

ineqIRM[in+out+1] = Sum z[j], {jobs} ] == 1; 

Do[ ineqIRM[in+out+1+i] = z[i]>=0, {i,obs}]; 

ineqIRM[int+out+1+obs+1] = theta[h] >= 0; 

allIRM[1]= theta[h]; 

DofallIRM[i+1 ]= z[i], {i,obs}];Print[h]; 

Do[effIRM[h,]]= 

ConstrainedMin| theta[h], 

Array[ineqIRM,in+out+1+obs], 

Array[allIRM,1+obs]]; 

Print[1];Print[effIRM[h,1]], {1,1,5}], 

{h,1,in}] 
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Appendix B. The Complexity factor 

Table B.1 | Complexity factor and the three parameters used to compute it. 

Timber Haul Dist. Capacity Complexity 
Contractor Year (%pine) (miles) Utilization Factor 

Al 90 78 110 0.79 1.36 

A2 91 86 110 0.83 1,22 

A3 92 77 110 0.82 1.31 

A4 93 75 110 0.82 1,31 

Bl 91 70* 35 0.91 0.78 

B2 92 70* 35 0.91 0.79 

B3 93 70* 35 0.91 0.79 

B4 94 70* 35 0.94 0.64 

Cl 90 99 35 0.77 0.97 

C2 91 99 35 0.80 0.93 

C3 92 99 35 0.89 0.74 

C4 93 99 35 0.77 0.97 

D1 88 95 25 0.83 0.81 

D2 89 95 25 0.76 0.90 

D3 90 95 25 0.73 0.93 

D4 91 95 25 0.71 0.96 

D5 92 95 25 0.71 0.96 

D6 93 95 25 0.81 0.84 

D7 94 95 35 0.82 0.91 

D8 95 95 35 0.84 0.86 
El 88 50* 25 0.87 0.93 

E2 89 50* 25 0.81 1.06 

E3 90 50* 25 0.83 1.01 

E4 91 50* 25 0.87 0.93 

E5 92 50* 25 0.81 1.06 

E6 93 50* 25 0.91 0.80 

Fl 88 75* 25 0.86 0.83 

F2 89 75* 25 0.73 1.03 

Gl 88 99 100 0.84 1.10 

G2 89 99 100 0.70 1,36 

H1 88 70* 30 0.86 0.89 

H2 89 70* 30 0.80 1.02 

H3 90 70* 30 0.89 0.81 

H4 91 70* 70 0.81 0.99 

H5 92 70* 30 0.81 1.00 
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R5 94 85 40 0.85 0.92 

Sli 88 60* 35 0.77 1.17 

S2 89 60* 35 0.80 1.12 

S3 90 60* 35 0.80 1.12 

S4 91 60* 35 0.85 1.0] 

S5 92 60* 35 0.80 1.12 

S6 93 60* 35 0.85 1.01 

S7 94 60* 35 0.90 0.86 

Ti 90 50* “5 0.85 1.15 

T2 91 50* 45 0.85 1.15 

T3 92 50* 45 0.85 1.15 

T4 93 50* 45 0.85 115 

T5 94 50* 45 0.85 115 

Ul 90 62 40 0.83 1.09 

U2 91 56 40 0.88 0.99 

U3 92 64 40 0.83 1.08 

U4 93 59 40 0.87 1.00 

US 94 67 40 0.82 1.08 

Vi 90 52 40 0.86 1.08 

V2 9] 62 40 0.88 0.94 

V3 92 57 40 0.88 0.98 

V4 93 51 40 0.83 1.17 

V5 94 5} 40 0.88 1.02 

Wi 90 63 20 0.81 0.92 

W2 91 88 20 0.88 0.68 

W3 92 74 20 0.90 0.67 

W4 93 72 20 0.85 0.80 

W5 94 75 20 0.88 0.73 
  

* estimated percentage. 
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Figure B.1 Average percentage of pine harvested each year by the loggers in the 

sample. 
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Appendix C. ‘Efficiency Variations 

Table C.1 Distribution of contractors with high efficiency ratio. 

Low Complexity & High Efficiency High Complexity & High Efficiency 

Observation Comp. _ Tech. Observation Comp. Tech. 
Code Factor Effcy Code Factor Effcy 

40 J188 0.62 0.99 62 N2 94 1.01 0.83 

64 O02 90 0.63 0.94 23 E3 90 1.01 0.96 

43 J491 0.68 0.90 86 S4 91 1.01 0.82 

63 O71 89 0.70 0.87 32 H2 89 1.02 0.90 

11 C392 0.74 0.93 79 R2 91 1.02 0.86 

41 J2 89 0.75 0.97 80 R3 92 = 1.02 0.87 

72 P5 94 0.77 0.99 78 Ri 90 1.02 0.92 

5 B1 91 0.78 0.87 28 F2 89 1.03 1.00 

6 B2 92 0.79 0.83 49 L1 90 1.05 0.90 

65 03 91 0.80 1.00 37. +I1 92 1.06 1.00 

26 E693 0.80 0.96 25 E5 92 1.06 0.87 

33 H3 90 0.81 1.00 22 E2 89 1.06 0.96 

13 D1 88 0.81 0.87 85 $3 90 1.12 0.82 

39 1394 0.81 1.00 84 S2 89 1.12 0.96 

27 F188 0.83 1.00 61 Nt 93 1.14 0.86 

18 D693 0.84 0.85 50 L2 91 1.16 0.84 

20 D8 95 0.86 0.88 83 S1 88 1.17 0.83 

31 H1 88 0.89 0.88 2 A2 91 1.22 0.86 

19 D794 0.91 0.82 46 K3 92 1.25 0.89 

42 J390 0.92 1.00 44 K1 90 = 1.29 0.87 

82 R594 0.92 1.00 1 A1 90 1.36 0.83 

69 P291 0.92 0.87 

36 H6 93 0.92 0.89 

10 €C291 0.93 0.86 

21 E188 0.93 0.87 

24 E491 0.93 0.87 

17 D592 0.96 0.88 

16 D491 0.96 0.83 

9 C190 0.97 0.86 

12 C493 0.97 0.88 

71 P493 0.98 0.90 

81 R493 0.99 0.86 

34 H4 91 0.99 0.88 

35 H5 92 1.00 0.90   
  

Appendix D. Efficiency Variations 199



  

  

  

Table C.2 _ Distribution of contractors with low efficiency ratio. 

Low Complexity & Low Efficiency High Complexity & Low Efficiency 

Observation Comp. Tech. Observation Comp. Tech. 

Code Factor _Effcy Code Factor Effcy 

8 B494 0.64 0.66 88 S6 93 1.01 0.78 

107 W392 0.67 0.71 86 S4 91 1.01 0.82 

106 W291 0.68 0.67 67 O85 93 1.01 0.62 

109 W594 0.73 0.78 104 V5 94 1.02 0.63 

66 0492 0.78 0.66 58 M5 92 1.05 0.63 

7 B393 0.79 0.80 51 =L3 92 1.05 0.72 

108 W493 0.80 0.75 52 L4 93 1.05 0.75 

89 S794 0.86 0.76 53 L5 94 1.05 0.78 

14 D289 0.90 0.75 38 = 12: «93 1.06 0.75 

70 P392 0.92 0.79 59 M6 93 1.07 0.62 

105 W190 0.92 0.62 60 M7 94 1.07 0.65 

68 P190 0.92 0.82 99 U5 94 1.08 0.73 

15 D390 0.93 0.60 100 V1 90 1.08 0.60 

101 V291 0.94 0.63 97 U3 92 1.08 0.75 

57 M491 0.96 0.65 56 M3 90 1.08 0.66 

102 V392 0.98 0.64 95 U1 90 1.09 0.71 

96 U2 91 0.99 0.67 29 G1 88 1.10 0.72 

98 U493 1.00 0.72 54 M1 88 1.10 0.63 
77 Qi 94 1.114 0.66 

87 S5 92 1.12 0.77 

55 M2 89 1.13 0.62 

75 Q3 92 1.14 0.69 

92 T3 92 1.15 0.50 

93 T4 93 1.15 0.54 

91 T2 91 1.15 0.56 

90 11 90 1.15 0.58 

94 T5 94 1.15 0.58 

103 V4 93 1.17 0.56 

73 Q1 90 1.22 0.65 

74 Q2 91 1.26 0.69 

48 K5 94 1.30 0.77 

4 A4 93 1.31 0.67 

3 A3 92 1.31 0.79 

45 K2 91 1.33 0.76 

76 Q4 93 1.33 0.65 

30 G2 89 1.36 0.80 

47 K4 93 1.38 0.77   
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