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Early-stage evaluation of biofuel and bioproduct technologies is extremely 
complicated and involves many disparate feasibility criteria, including technical, 
financial, environmental, logistic, legal, social, and other aspects. Problems can 
arise for decision-makers when evaluating renewable technologies at this early 
stage due to bias, shifting preferences or priorities, occurrence of trade-offs, and 
decision-making complexity. Thus, a method is needed for evaluating disparate, 
typically non-comparable criteria concurrently. In Part 1 of this research, cradle-to-
grave environmental LCA was conducted for biomass delivery to a biosugar 
refinery using Ecoinvent v2.2 data and the TRACI 2 impact assessment method 
for midpoint impacts. Biomass availability, delivered cost, sugar yield, 
transportation distance, harvestable months per year, and other aspects of supply 
chain feasibility were measured for eighteen feedstock biomass types. In Part 2, 
stochastic multi-attribute analysis (SMAA) was used alongside LCA to develop an 
environmental preference single-score probability distribution function for 
feedstock alternatives. Weighted single-scoring and ranking, using multi-criteria 
decision-making analysis (MCDA), was conducted considering five criteria of 
biomass supply feasibility: biomass delivered cost, biosugar yield, harvestable 
months, transport distance, and environmental preference single-score. Corn was 
shown to cost the most, followed by switchgrass and U.S. primary forest products. 
Transport distance was found to be highest for residues due to low yield per acre 
and low covered area. Results of MCDA show that Brazilian eucalyptus and 
Malaysian empty fruit bunch biomass types were consistently preferred relative to 
other biomass types. In the U.S., Genera biomass sorghum is most holistically 
preferred. It is shown that SMAA is helpful for translating LCA data for decision 
science. It was shown that MCDA can be useful for early-stage biorefinery 
technology commercialization decision-making, using the novel decision science 
tool described herein. 
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INTRODUCTION 
 

 It is critical in the biofuels or biomaterials arena to develop methods to fairly and 

consistently compare different biofuel and bio-based chemical feedstocks and conversion 

pathways. In the first part of this study (Reeb et al. 2015), eighteen biomass feedstocks 

from three continents were compared based upon supply logistic data, delivered cost, 

environmental impacts, estimated monomeric sugar yields from a biochemical conversion 
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process, transportation distance, and estimated regional biomass availability. In Part 2, data 

generated for each feedstock alternative are used to develop a robust and statistically-

relevant weighted single-score ranking of alternatives, accounting for five selected 

feasibility criteria concurrently. 

Life cycle assessment (LCA) is a methodology for which practitioners must 

typically take multiple conflicting or non-comparable criteria into account when 

interpreting the results and basing decisions on study results. The accounting of human 

health and environmental impacts provides stakeholders with a broad perspective on the 

trade-offs associated with each biomass feedstock scenario (alternative) modeled. An 

unavoidable conflict that arises when multiple non-comparable metrics are provided 

simultaneously is that of interpretation fidelity. This problem that users of an LCA are 

faced with during the interpretation of LCIA results has been primarily ignored or external 

normalization and subjective weight sets are used. The same is true when considering 

feasibility analysis more broadly, the analysis of multiple criteria of project feasibility 

including financial performance, logistics, economics, social impacts, environmental 

impacts, and technological aspects (You et al. 2012). 

In operations research, artificial intelligence research and other fields where 

conflicting metrics must be evaluated concurrently to make a sound decision, often rapidly, 

various forms of multi-criteria decision-making analysis (MCDA) are often employed 

(Linkov et al. 2006). Bernoulli’s research (Bernoulli 1738) into the mathematical problem 

known as the St. Petersburg game led to the first MCDA techniques, which have today 

been expanded to dozens of techniques and hundreds of tools (Tzeng and Huang 2011). 

These tools can be categorized generally as either multiple attribute utility theory 

techniques or outranking techniques. While no existing tool is without problems, the 

concerns faced by each may possibly be avoided by concurrently employing multiple 

sorting/ranking techniques and utilizing the same raw value matrix and weight set to reflect 

the stakeholders’ values. 

Previous research by Seager and co-workers (Rogers and Seager 2009; Prado-

Lopez et al. 2014) and others have introduced stochastic modeling and outranking as part 

of a technique called internal normalization for LCA. A tool was developed called 

stochastic multi-attribute analysis for life cycle impact assessment (SMAA-LCIA) that 

uses Monte Carlo analysis, mean values for each impact category, and standard deviations 

of these mean values to create a cumulative environmental preference distribution. While 

this technique has helped improve the interpretation stage of LCIA, we purport that 

stakeholders are still left with a decision based upon disparate criteria because these 

techniques do not incorporate financial analysis, logistical feasibility, technical feasibility, 

etc. The SMAA technique is herein explored as part of a larger MCDA methodology. 

MCDA enables a decision-maker to standardize their set of decision values (value 

set), create a weight set based upon these values, and consistently apply the weight set 

against a matrix of multiple criteria for multiple alternatives to facilitate more objective 

decision-making (Kaplan 2006; Giarola et al. 2011; Čuček et al. 2012; Prado-Lopez et al. 

2012). There are numerous MCDA tools available that can be used to categorize and define 

criteria, generate an appropriate weight set, and conduct statistically meaningful, single-

scoring, and ranking activities for multiple criteria concurrently (Ishizaka and Nemery 

2013). 

Even if multiple disparate criteria are provided to a stakeholder from feasibility 

analysis or from LCIA results, that stakeholder must either eliminate criteria deemed less 

important under that stakeholder’s value system to make a decision or at best apply a 
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weighting method and employ single-scoring. Because the raw value results and even the 

normalized, weighted results of LCIA and feasibility analysis in general are often overly 

complex, a subsequent interpretation method must be employed to facilitate better 

interpretation. 

It is hypothesized that the use of multiple MCDA methods to develop multiple rank 

orders of studied alternatives will provide evidence, through a lack of re-ranking between 

alternatives, of the robustness of the rank order and usability of this rank order for decision-

making purposes. Herein, this is tested with a case study of biomass supply, comparing 

eighteen specific alternatives, taking into account biomass delivered cost, sugar yield for 

each feedstock via a biochemical conversion process, harvestable months, transportation 

distance, and environmental preference. 

 

 

METHODS 
 

The first steps toward multi-criteria decision making that encompasses 

environmental impacts, financial analysis, and other criteria of biorefinery feasibility is to 

define the problem being addressed, identify the criteria for analysis, and evaluate these 

criteria for potential overlap to avoid double-counting of attribute values during weighted 

scoring and rank ordering (Dubois and Prade 1980). 

Detailed supply chain models were developed for various feedstocks (Daystar 

2014; Daystar et al. 2014; Reeb et al. 2014, 2015), and life cycle assessment was conducted 

in SimaPro v7.2 (PRé Consultants 2014) using Ecoinvent 2.2 data (Frischknecht et al. 

2005) and the TRACI 2.0 impact assessment method (Bare et al. 2002; Ryberg et al. 2014). 

Environmental impact categories included are shown in Table 1. SMAA-LCIA (Rogers 

and Seager 2009; Prado-Lopez et al. 2014) was conducted using midpoint impact values 

for each impact category and the Gloria et al. (2007) weighting set for producers. 

Environmental preference probability distribution functions were developed for each 

alternative and a single score was calculated from this for ranking purposes. 
 

Table 1. TRACI Impact Categories, Acronyms and Units (Bare et al. 2002). 

Impact Category Acronym Units 

Global Warming GWP kg CO2 eq 
Acidification AC moles of H+ eq 

Eutrophication EU kg N eq 
Ecotoxicity EC kg 2,4-D eq 

Ozone Depletion OZ kg CFC-11 eq 

Photochemical Oxidation PO kg NOx eq 

Carcinogenics CA kg benzene eq 
Non-Carcinogenics NC kg toluene eq 

Respiratory Effects RE kg PM2.5 eq 

 

A representation of the combined supply chain, financial analysis, environmental 

LCA, and MCDA methodology used to rank biomass alternatives is shown in Fig. 1. 
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Fig. 1. Graphic representation of the combined feasibility assessment method for n biomass 
alternatives and the application of weighting values for m criteria during the multi-criteria decision-
making ranking process 

 

Delivered cost of the feedstocks and feedstock availability were calculated and 

sugar yield estimated as described by Reeb et al. (2014, 2015). The environmental 

preference single score, delivered cost (financial indicator), transportation distance 

(technical supply chain indicator), months of harvest (technical supply chain indicator), 

and sugar yield (technical conversion indicator) raw values were together considered the 

raw values matrix for the criteria set. Three primary MCDA methodologies were employed 

to explore the effect of various methods on rank order, to apply various weighting sets, and 

to employ different scoring distribution methods, Table 2. 

 

Table 2. Scenario Parameters and Assumptions Used for Each MCDA Method 

MCDA 
Method 

Criteria 
Environmental 

Scoring 
Method 

Weighting for 
Criteria 

Scoring 
Distribution 

Method 

Sensitivity 
Analysis 

1 

Delivered Cost 

Stochastic 
Multi-Attribute 

Analysis 

None 
Rank 

Ordered 
None  

Sugar Yield 

2 

 

User Identified 
Weighted 

Rank Order 
Distributed 

Sensitivity to 
Weight Set 

Harvestable Months 

 

3 

Transport Distance 

Constrained 
Randomization 

Weighted 
Criteria 
Value 

Distributed 

Four 
Constrained 

Randomizations 

 

Environmental 
Impact 

 
 

Stochastic Multi-Attribute Analysis for Environmental LCIA Results 
Stochastic multi-attribute analysis of life cycle impact assessment results (SMAA-

LCIA) was used to generate a multi-attribute single score of “environmental preference” 

through stochastic modeling of weighted environmental impact values and Monte Carlo 

simulation of the effect of data uncertainty (Prado-Lopez et al. 2014). 

Uncertainty values used in the stochastic modeling of environmental preference 

probability distribution functions according to the Prado-Lopez et al. (2014) method are 

provided in Table 2. Coefficient of variation (CV) values, defined as the standard deviation 

as a percentage of the mean, are provided in Table 3 and can be used to understand the 

dispersion of the probability distributions generated for SMAA-LCIA. 
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Table 3. Aggregate Uncertainty Values (Frischknecht et al. 2005) as a Single 
Standard Deviation from the Mean (from Ecoinvent V.2.2 Data for Each 
Feedstock Scenario Model). Used in SMAA-LCIA for Stochastic Modeling of 
Cumulative, Weighted Environmental Preference 
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Corn 4.0 6.9 1.6E-1 28 2.3E-6 1.4E-2 3.7E-1 1.1E+4 3.3E-2 

Corn Syrup 33 2E-1 1.2E-2 2.2 1.4E-6 2.0E-3 4.1E-2 1.3E+3 1.1E-3 

Corn Stover 131 1E+3 2.7E-1 73 9.3E-7 8.4 1.7 3.8E+3 3.6 

Genera Corn Stover 6.0 2E-1 5.9E-3 2.6 3.5E-7 1.7E-3 3.9E-2 1.3E+3 1.1E-3 

Softwood 65 1.1 5.0E-3 8 2.2E-7 2.5E-2 4.6E-2 554 1.8E-3 

Eucalyptus 63 4.1 9.0E-3 8.4 3.7E-7 9.4E-2 3.9E-2 940 5.0E-3 

Unmanaged Hardwood 61 2.9 3.0E-3 0.8 1.6E-10 6.7E-2 1.4E-3 30 3.1E-3 

Forest Residues 64 2.3 2.0E-3 0.7 1.4E-10 5.4E-2 1.2E-3 25 2.5E-3 

Switchgrass 60 2.4 4.7E-2 25 3.5E-7 3.6E-2 4.6E-2 550 7.7E-3 

Genera Switchgrass 5.5 8.1 2.3E-2 14 2.3E-6 3.1E-2 1E-1 2.2E+3 3.9E-2 

Sweet Sorghum 56 1.6 6.0E-2 3.4 1.4E-7 2.7E-2 1.5E-2 218 5.2E-3 

Genera Biomass Sorghum 16 5E-1 2.1E-2 3.4 6E-7 3.7E-3 5.1E-2 1.6E+3 3E-3 

Empty Fruit Bunch 24 11 1.5E-1 31 1.5E-5 8.6E-2 1.6E-1 3.2E+3 4.2E-2 

Rice Hulls 139 2.5 1.1E-1 11 2.7E-7 1.6E-2 2.2E-1 5.3E+3 1.6E-2 

Thai Bagasse 127 4.0 6.0E-2 11 6.8E-6 2.7E-2 1.2E-1 3.1+E3 1.9E-2 

Brazilian Sugarcane 228 4.8 5.6E-2 31 1.3E-6 1.2 1.8E-1 5.6E+3 1.5 

Brazilian Bagasse 11 2E-2 1.0E-3 1 2.5E-8 1.9E-4 1.6E-2 525 1.2E-4 

Brazilian Eucalyptus 81 1.1 1.2E-2 2.5 1.8E-6 9.4E-3 3.5E-2 907 5.4E-3 

Units for each impact category left to right, respectively, are: kg CO2 eq., moles of H+ eq., kg N eq., 
kg 2,4-D eq., kg CFC-11 eq., kg NOx eq., kg benzene eq., kg toluene eq., and kg PM2.5 eq. 
 

Weighting values used for the SMAA-LCIA analysis to obtain a single 

environmental preference values are shown in Fig. 2. These weighting values reflect a 

biorefiner’s values with respect to the importance of various environmental impact 

categories. The LCIA impact category weight values used herein during SMAA were 

derived from weighting values developed by Gloria et al. (2007) for producers (herein 

“biorefiners”). 
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Fig. 2. Probability distribution function of each TRACI impact factor used to determine 
environmental preference single-score. Frequency is the probability (y-axis) that a TRACI impact 
category will have a particular weight contribution in % to the net environmental preference score 
(x-axis) is shown. The Prado-Lopez et al. (2014) method was followed. 

 

The SMAA-LCIA tool does not allow for direct input of numerical weighting 

values such as the biorefinery weighting set. Instead, a “- -”, “-”, “=”, “+”, “+ +” weighting 

scheme (lower to higher) is used. Thus, relative weighting of the TRACI impact categories 

for a biorefinery that was applied towards the environmental preference single score were 

converted to this +/- scale, as outlined in Table 4. No weights of “- -" or “+ +” were assigned 

because weighting for each impact category for the biorefiner was relative to greater and 

lesser category weight values for LCA users and LCA experts (Gloria et al. 2007). The 

coefficient of variation values for LCIA mean values for each impact category for each 

feedstock alternative are provided in Table 5. Monte Carlo simulation was then conducted 

to develop weighted environmental preference probability distribution functions. 

 

Table 4. The Biorefinery Weight Set from Gloria et al. (2007) and the Converted 
Form Used for SMAA-LCIA 

Impact Category Gloria et al. Weight Value Converted SMAA Weight 

GWP 16 + 

EU 8 + 

AC 4 - 

EC 6 = 

OZ 3 - 

PO 4 - 

CA 6 = 

NC 11 + 

RE 7 = 
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Table 5. Coefficient of Variation (CV) of Impact for Each Feedstock by Impact 
Category, as Determined by Standard Deviation as a Percentage of the Mean 

Impact Factor 
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Corn 0.3% 2.3% 16% 32% 26% 0.4% 17% 80% 8.7% 

Corn Syrup 3.7% 1.6% 5.1% 38% 41% 3.1% 63% 106% 2.2% 

Corn Stover 13% 22% 17% 22% 27% 22% 22% 23% 225% 

Genera Corn Stover 0.9% 1.9% 4.2% 34% 26% 1.4% 62% 85% 3.2% 

Softwood 13% 4.5% 17% 62% 30% 4.7% 139% 157% 5.8% 

Eucalyptus 11% 15% 25% 54% 34% 15% 93% 210% 14% 

Unmanaged Hardwood 12% 10% 10% 7.8% 8.0% 11% 7.8% 8.2% 10% 

Forest Residues 13% 9.3% 8.0% 7.4% 7.8% 9.7% 7.5% 7.4% 8.9% 

Switchgrass 7.3% 5.3% 9.8% 121% 21% 5.8% 42% 50% 6.4% 
Genera Switchgrass 5.5% 19% 10% 45% 20% 9.8% 50% 97% 22% 

Sweet Sorghum 6.1% 6.1% 13% 25% 25% 7.1% 23% 24% 8.1% 

Genera Biomass Sorghum 3.3% 3.6% 4.7% 33% 26% 5.2% 51% 82% 5.3% 

Empty Fruit Bunch 2.8% 38% 326% 172% 54% 15% 228% 890% 58% 

Rice Hulls 13% 7.8% 5.9% 21% 0.8% 5.4% 61% 303% 11% 

Thai Bagasse 18% 66% 600% 244% 206% 37% 231% 3144% 106% 

Brazilian Sugarcane 27% 12% 14% 33% 28% 81% 1636% 12% 24% 
Brazilian Bagasse 1.7% 6.5% 50% 588% 25% 2.6% 1000% 17500% 18% 

Brazilian Eucalyptus 13% 38% 171% 292% 286% 16% 380% 5039% 100% 

Note: Gray highlighting indicates CV values greater than 100%, meaning the standard deviation is 
greater than the mean impact value. 
 

It is clear from this analysis of CV that some impact assessment methods are 

inherently more uncertain than others and that perhaps LCI data for specific feedstocks is 

less certain than others. Higher variation is observed for ecotoxicity, carcinogenics, and 

non-carcinogenics and for Thai bagasse and Brazilian sugarcane most specifically. The 

implications of this for interpreting the LCIA results are that any feedstock option which 

has a large uncertainty must be cautiously analyzed. For example, if the environmental 

preference score for product system A is benefited largely by a low carcinogenics value as 

compared to product system B, the uncertainty of the carcinogenics impact category 

discounts this environmental preference for A. 

Through SMAA, LCIA results are aggregated to a weighted single-score that 

reflects the value set of a biorefinery, termed the environmental preference score, Table 6. 

 

 

 

 

 

 



 

PEER-REVIEWED ARTICLE  bioresources.com 

 

 

Reeb et al. (2016). “Feasibility of biomass supply,” BioResources 11(3), 6062-6084.    6069 

Table 6. Cumulative Environmental Preference Score and Probability Based 
Upon the Results of Stochastic Multi-Attribute Analysis Coupled with Life Cycle 
Impact Assessment (SMAA-LCIA). Rank Order of One Indicates the Most 
Environmentally Preferred Feedstock, Relative to Alternatives Considered 

Feedstock 
Mean 

Environmental 
Preference 

Rank 
Order 

First Order 
Rank 

Probability 

Second Order 
Rank 

Probability 

Corn 0.13 17 83% 100% 
Corn Syrup 0.54 9 28% 65% 
Corn Stover 0.08 18 84% 98% 

Genera Corn Stover 0.57 8 40% 76% 
Softwood 0.65 5 19% 52% 

Eucalyptus 0.62 6 33% 73% 
Unmanaged Hardwood 0.65 4 23% 64% 

Forest Residues 0.66 3 25% 64% 
Switchgrass 0.45 14 36% 71% 

Genera Switchgrass 0.49 11 14% 38% 
Sweet Sorghum 0.48 13 24% 60% 

Genera Biomass Sorghum 0.53 10 22% 62% 
Empty Fruit Bunch 0.48 12 19% 50% 

Rice Hulls 0.28 16 65% 98% 
Thai Bagasse 0.62 7 25% 51% 

Brazilian Sugarcane 0.34 15 48% 89% 
Brazilian Bagasse 0.68 2 33% 72% 

Brazilian Eucalyptus 0.68 1 42% 68% 

 

Mean environmental preference scores for each alternative, based upon stochastic 

modeling under uncertainty and utilizing impact category-specific weighting factors, were 

then used as single environmental preference values for MCDA. Because of the stochastic 

nature of the single-score calculation, uncertainty is taken into account but probability 

distribution function overlap between alternatives requires further analysis to determine 

how certain the rank order is with relation to adjacently ranked alternatives. The first order 

rank probability is a simple measure of the area under the probability distribution function 

curve, which overlaps with the alternatives ranked one rank position above or below by 

mean single-score value. The second order rank probability takes into account the two rank 

positions on either side of the alternative. High probability indicates high rank position 

certainty. Using these rank order probability values, it can be determined whether there is 

likely global or local rank uncertainty as measured for only these environmental single-

score values produced using SMAA-LCIA. Consideration for uncertainty with respect to 

environmental single-scores was given during subsequent MCDA modeling and analysis 

of rank order results. 

 

Data Generation 
 Criteria were selected for MCDA to reflect either technical feasibility, financial 

feasibility, or environmental feasibility of biomass supply. These criteria are: 

 

1. biomass delivered cost – financial indicator 

2. estimated sugar yield – technical indicator 
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3. transportation distance – technical indicator 

4. harvestable months per year –technical indicator 

5. environmental preference single score – environmental indicator 

 

Raw values for MCDA for these five criteria (Table 7) were generated through the 

creation of detailed supply chain models and subsequent financial and environmental life 

cycle analysis (Daystar et al. 2014, 2015; Reeb et al. 2014, 2015). 

 

Table 7. Raw Values for MCDA Criteria for Each Feedstock Alternative Analyzed 
(Reeb et al. 2014, 2015) 

  
Cost 

Sugar 
Yield 

Transport 
Distance 

Harvestable 
Months 

Environmental 
Preference 

Corn $141 626 81 2.0 0.13 
Corn Syrup $184 700 81 2.0 0.53 
Corn Stover $71 551 81 2.0 0.08 
Genera Corn Stover $61 551 130 1.5 0.57 

Softwood $102 570 138 12 0.65 

Eucalyptus $94 611 134 12 0.62 
Unmanaged Hardwood $105 615 380 12 0.65 

Forest Residues $82 358 566 12 0.66 

Switchgrass $131 493 107 3.0 0.50 
Genera Switchgrass $80 493 77 4.5 0.49 
Sweet Sorghum $66 654 366 3.0 0.48 
Genera Biomass Sorghum $53 530 61 3.0 0.53 
Empty Fruit Bunch $63 649 160 12 0.48 
Rice Hulls $25 460 34 12 0.28 
Thai Bagasse $91 550 75 12 0.62 
Brazilian Sugarcane $63 463 34 12 0.34 
Brazilian Bagasse $88 504 66 12 0.67 

Brazilian Eucalyptus $72 626 92 12 0.68 

Units: Cost is US$ per bone-dry metric tonne biomass delivered, Sugar Yield is kg sugar per bone-
dry metric tonne of biomass, Transport Distance is kilometers (km) per bone-dry metric tonne of 
biomass delivered, Harvestable Months is calendar months per year, and Environmental 
Preference is a unit-less value between 0 and 1, relative to other studied scenarios, with higher 
values being preferred. 

 

Multi-Criteria Decision-Making Analysis 
This study explores the usability of various MCDA methods and tools in the 

interpretation of a broad feasibility study that incorporates financial analysis, 

environmental LCA, and technical feasibility analysis. To accomplish this, a customization 

of the Pugh decision matrix method (Pugh 1991) was developed that calculates a combined 

preference score for each alternative through a sum of the product of raw values and the 

criteria weight set. This criteria weight set was developed using a decision-maker value set 

matrix and constrained randomization of weight values. 

Multi-criteria decision-making analysis (MCDA) is a method of comparing 

alternatives based on multiple incomparable metrics to take all into account concurrently 

during decision making (Čuček et al. 2012; Benítez et al. 2014; Cinelli et al. 2014;). 

Herein, MCDA is used to interpret the results of feasibility analysis for the various metrics 

of analysis concurrently and interpret feasibility as a single value or rank position relative 

to other alternatives. Three methods (Table 2) and four experimental weighting schemes 

for each weighted method were employed and are described herein. 
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Method 1: Unweighted scoring method 

An unweighted rank ordering of alternatives of the five criteria was conducted (bio-

based sugar yield values, environmental midpoint impacts, biomass availability values, and 

delivered cost values) followed by a ranking of the sum of these rank order values for all 

alternatives. This ranking hinges on the de facto assumption that all five of these feasibility 

criteria are weighted the same in the ranking process, which may not necessarily be true 

for all stakeholders. For instance, a biorefinery operator might prioritize the delivered cost 

value and estimated sugar yield greater than the environmental impacts, in which case the 

equal weighted single-score ranking is not reflective of their interests. The single rank score 

calculation for alternative j and N criteria is provided in Eq. 1, 
 

𝑆𝑗 = 𝑋𝑖 ,𝑗

𝑁

𝑖=1

 

      (1) 
 

where Sj is the rank score for alternative j and Xi,j is the rank applied for criterion i for 

alternative j. 

 

Method 2: Weighted, rank-order distributed scoring method 

A weighted MCDA method was derived from the Pugh decision matrix method 

(Yang and Singh 1994; Pohekar and Ramachandran 2004; Doumpos and Grigoroudis 

2013; Yao and Huang 2014). This method, using previous research based on economic 

considerations (Ishizaka and Nemery 2013), ranks the various alternatives by applying a 

weighting scheme against the multiple criteria being quantitatively summed to provide a 

single rank score. MCDA was conducted for the various feedstock options using weighted 

decision grid ranking that reflected a biorefinery operator viewpoint, whereby biomass cost 

was weighted 30%, sugar yield 25%, harvestable months 20%, transportation distance 

15%, and environmental impact 10%. This arbitrary set of weighting factors was chosen 

such that the economics (embodied in the biomass cost and separately in the sugar yield) 

of the process is at the forefront of the decision. It is acknowledged that more research 

might be done to refine this weighting set. In this study, we also investigated the use of 

55/20/10/10/5%, 45/30/10/10/5%, and 35/25/20/10/10% weight sets for the five criteria, 

respectively, to evaluate the sensitivity of ranking for different weight set values. 

Feedstock alternatives for each criterion were rank ordered 1 to 5, where 5 is the 

most appropriate and 1 is the least appropriate. With this ranking, 20% of the alternatives 

were equally distributed by raw value rank order among each of the five possible ranking 

bins for each criterion. Weights were applied for each criterion such that the sum of the 

fractional weights equaled 1. The single rank score calculation for alternative j with N 

criteria is provided in Eq. 2, 
 

𝑆𝑗 = 𝑋𝑖 ,𝑗 ∗ 𝑌𝑖

𝑁

𝑖=1

 

      (2) 
 

where Sj is the weighted rank score for alternative j, N is the number of criteria evaluated, 

Xi,j is the score applied for a criterion i for alternative j, and Yi is the weighting value for 

criterion i. 
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Method 3: Weighted, raw value distributed scoring method 

Method 2 improves decision-making over Method 1 by incorporating weighting 

and a quintile scoring step to normalize disparate and non-comparable raw values. 

However, Method 2 does not account for the relative magnitude of differences between 

raw values by distributing alternatives to the quintiles by raw value rank order. Thus, 

Method 3 was developed that incorporates weighting and a quintile scoring method but 

which distributes alternatives for each criterion across the quintile scoring space by criteria 

raw values instead of rank order. In this case, the alternative with the worst desirability will 

have a 1 and the best will have a 5, thus defining the range for those criteria. All other 

alternatives will have values of 1 through 5, depending on their magnitude in those criteria. 

Note that in this criterial scoring, there is not an equally distributed amount of alternatives 

in each quintile. As discussed above, sensitivity to weighting scheme was also investigated 

using alternative experimental weight sets. Further analysis of sensitivity was conducted 

using constrained weight set randomization in a stochastic method (see below). 

In this analysis, a rational decision-maker for whom the weight sets were 

experimentally developed is considered to be the owner and operator of a bio-sugar refinery 

at a 500,000 BDMT yr-1 scale. Alternative criteria weights were generated using iterative 

constrained randomization to understand the impact of weight set uncertainty on rank order 

and rank order stability (Appendix Table A1). Constrained randomization entails the 

development of ranges of possible weighting values for each criterion in the set and 

sampling randomly within each range for a criteria weighting values, the sum of which 

converges on one. Randomization was conducted around the baseline weight set for 

biomass cost of 30%, sugar yield of 25%, harvestable months of 20%, transportation 

distance of 15%, and environmental impact of 10%. A weighted sum product calculation 

was then conducted (see above, Eq. 1 and 2) to calculate the weighted preference score and 

a ranking of alternatives by this multi-criteria preference score, obtaining a final rank order. 

 

Sensitivity Analysis and Rank Stability 
Sensitivity analysis for the constrained, randomized weight set used for Methods 2 

and 3 was conducted through the use of three additional randomization matrices to develop 

constrained median weight values for the five criteria. Standard deviation of rank order 

between the four ranking scenarios was used to determine the sensitivity of weighted multi-

criteria rank order to weighting factors. 

A pair-wise Spearman’s rank correlation coefficient (ρ) of the resulting rank orders 

from the various MCDA techniques examined herein and weight sets used was then 

conducted to determine the stability of rank order between MCDA techniques (Sielska 

2010), known as the re-rank rate,  
 

𝜌 = 1−
6 𝑑𝑖
𝑛
𝑖=1

𝑛 𝑛2 − 1 

2

 

      (3) 
 

where n is the number of alternatives and 𝑑𝑖 is the difference between the ranks of 

alternative ai in the pair of rankings compared. This way, pairwise rank stability 

calculations were conducted and a rank stability matrix was created to identify rank 

comparison, which yielded significant re-ranking (herein determined as ρ values less than 

0.700). Significant re-ranking is indicative of high uncertainty in the rank order and should 
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be considered in investment and operational decision-making for biomass conversion 

technology commercialization. 

 

 

RESULTS AND DISCUSSION 
 

The primary goal of this study was to provide some objective analysis methods for 

traditionally non-comparable data in the bioproducts arena for decision-makers in industry, 

government, and academia to help direct research and development efforts. Multi-criteria 

decision-making analysis (MCDA) methods were used to develop overall unweighted and 

weighted multi-criteria rankings of these feedstock options for the biochemical conversion 

pathway to monomeric sugars from cellulose and hemicelluloses. 

 

Method 1: Unweighted ranking method  

In the first unweighted ranking method, criteria contributed equally to aggregate 

rank scores and to the final rank order. Criteria raw values were ranked and ranks summed 

to an overall rank score assuming equal weighting, Eq. 1. The criterion-wise rank order 

and overall rank order assuming equal criterion weighting show the highest ranked biomass 

types (Table 8). 

 

Table 8. Criterion-specific Ranking and Overall Unweighted Single-score Rank 
Results 

  
Biomass 

Cost 
Environmental 

Preference 
Sugar 
Yield 

Transport 
Distance 

Harvestable 
Months 

Sum 
Overall 
Rank 

Corn 17 17 4 7 16.5 62 17.5 

Corn Syrup 18 9 1 7 16.5 52 12 

Corn Stover 7 18 10.5 7 16.5 59 15.5 

Genera Corn Stover 3 8 8.5 14 5.5 39 4 

Softwoods 14 5 10.5 13 16.5 59 15.5 

US Eucalyptus 13 6 9 17 16.5 62 17.5 

Unmanaged Hardwoods 15 4 8.5 18 5.5 51 11 

Forest Residues 10 3 7 11 5.5 37 3 

Switchgrass 16 14 6 6 5.5 48 9 

Genera Switchgrass 9 3 18 18 5.5 54 13 

Sweet Sorghum 6 14 14 11 12.5 58 14 

Genera Biomass Sorghum 2 13 2 16 12.5 46 8 

Palm EFB 4 12 3 15 5.5 40 5 

Rice Hulls 1 16 17 2 5.5 42 6 

Thai Bagasse 12 14 12 5 5.5 49 10 

Brazilian Sugarcane 5 15 16 1 5.5 43 7 

Brazilian Bagasse 11 2 13 4 5.5 36 2 

Brazilian Eucalyptus 8 1 5 10 5.5 30 1 

Note: A rank of 1 is best. 

 

From this ranking, Brazilian eucalyptus, forest residues, and Malaysian empty fruit 

bunch are the highest ranking feedstocks for South America, North America, and Southeast 

Asia, respectively. As described in the Methods section, this simplified method has 

limitations; therefore, weighted ranking methods are evaluated below. 
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Method 2: Weighted, rank-order distributed scoring method 

Weighted rank analysis provides a more easily understood and accurate 

interpretation of the relative feasibility of alternatives studied based on a stakeholder’s 

priorities. MCDA weighting values used for this first weighted MCDA activity were 30% 

for cost, 25% sugar yield, 20% transportation distance, 15% harvestable months, and 10% 

environmental preference. The weighted summation of criterion-specific rank scores for 

each alternative were then used to rank alternatives in descending order by single rank 

score, Table 9 and Fig. 3. 

 

Table 9. Scoring of Alternatives for Each Criterion to Generate a Total Weighted 
Single Score and Overall Ranking, Using MCDA Method 2 (M2) and Weight Set 
1 (W1). A 5 is best for the Individual Criteria and the Single Score. Overall Rank 
of 1 is Best. 

 

Criteria 

Biomass 

Cost 

Environmental 

Preference 

Sugar 

Yield 

Transport 

Distance 

Harvestable 

Months 

Single

-score 

Overall 

Rank 

Criteria weights 30% 10% 25% 20% 15%     

Scenarios         

Corn 1 1 5 4 1 2.60 16 

Corn Syrup 1 4 5 4 1 2.90 15 

Corn Stover 4 1 3 4 1 3.00 12 

Genera Corn Stover 5 4 3 3 1 3.40 8 

Softwoods 2 5 4 2 3 2.95 13 

US Eucalyptus 2 5 4 2 3 2.95 13 

Unmanaged 

Hardwoods 
2 5 5 1 3 3.00 11 

Forest Residues 3 5 1 1 3 2.30 17 

Switchgrass 1 2 2 3 2 1.90 18 

Genera Switchgrass 4 3 2 5 3 3.45 5 

Sweet Sorghum 5 2 5 1 2 3.45 5 

Genera Biomass 

Sorghum 
5 3 3 5 2 3.85 3 

Palm EFB 5 3 5 2 3 3.90 2 

Rice Hulls 5 1 1 5 3 3.30 10 

Thai Bagasse 3 4 3 5 3 3.50 4 

Brazilian Sugarcane 5 2 1 5 3 3.40 7 

Brazilian Bagasse 3 5 2 5 3 3.35 9 

Brazilian 

Eucalyptus 
4 5 5 3 3 4.00 1 

 

Single-scores for corn and other primary crops in North America are clearly 

disadvantaged by high delivered cost, whereas residues are advantaged by a lower 

delivered cost. Forest species and sugarcane single-scores are contributed to more 

substantially for sugar yield than residues. Rank position was not greatly affected by 

environmental preference, partially due to a low criterion weight and partially due to low 

variability in criterion score. For the weight set used in Table 9 (W1), Brazilian eucalyptus, 

oil palm empty fruit bunch, and Genera biomass sorghum are most preferred, respectively, 

in South America, Southeast Asia, and North America. In Fig. 3, a larger multi-criteria 

cumulative preference score indicates a more preferred feedstock, based upon the 

assumptions used herein. 
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Fig. 3. Multi-criteria weighted decision making cumulative preference scores by feedstock option. 
Weighting values were 30% delivered cost, 25% sugar yield, 20% transportation distance, 15% 
harvestable months, and 10% environmental preference. Higher preference score is better.  
 

Three additional weighting schemes were developed to explore the sensitivity of 

rank order to weighting. Experimental weight sets (Appendix Table A1) may reflect the 

viewpoint of decision makers with different values. The results of this weighted uniform 

ranking activity are provided in Appendix Table A2. It is evident that those feedstocks that 

are financially advantaged, such as residue biomass types and those from Southeast Asia 

and South America, increased their rank order, as the second value set increased the 

prioritization of low biomass cost. Some re-ranking of scenarios was seen between weight 

set 1 (W1), 2 (W2), 3 (W3) and 4 (W4), in particular for rice hulls and Brazilian sugarcane, 

for which rank position ranged from 7-13 and 5-10, respectively (Appendix Table A2). 

Switchgrass was consistently ranked lowest (18th rank position) for all weight sets for 

Method 2. 

 

Method 3: Weighted, raw value distributed scoring method 

The merit of adding weighting values to a cumulative rank scoring method is that 

it more closely approximates the priorities (values) of the decision maker, as in Method 2. 

However, the rank order distributed scoring method (Method 2) does not account for the 

magnitude difference of criterion a for alternative 1 as compared to the same criterion for 

alternative 2. For equally-weighted rank scoring systems this is not a detriment to the 

accuracy of the final rank order. However for weighted scoring the shifting of benefit from 

criterion a to criterion b for the purposes of an aggregate weighted score means that the 

magnitude difference between criterion a for alternative 1 and for alternative 2 could be 

misleading if simply sorted by rank order for each criterion. Therefore, Method 3 was 

developed and takes into account the magnitude difference between alternatives for each 
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criterion, the results of which are provided herein for weight set 1 (W1) (Table 10). This 

methodological change caused re-ranking to occur relative to Method 2, even when holding 

weighting set values constant. In Table 10, the scores for any of the criteria are not evenly 

distributed through the scoring space (1-5), but are reflective of the magnitudes of criteria 

values relative to alternatives. For instance, harvestable months scores are mainly scores 

of 1 since many of the biomass types can only be harvested for 2-3 months per year.  Some 

biomass types can be harvested 12 months per year, resulting in values of 5.  

 

Table 10. Scoring of Alternatives for Each Criterion to Generate a Total 
Weighted Single Score and Overall Ranking for MCDA Method 3 (M3), Using 
Weight Set 1 (W1). A 5 is best for the Individual Criteria and the Single Score.  
Overall Rank of 1 is Best. 

Criteria 

Biomass 

Cost 

Environmental 

Preference 

Sugar 

Yield 

Transport 

Distance 

Harvestable 

Months 

Single-

score 

Overall 

Rank 

Criteria weights 30% 10% 25% 20% 15%     

Scenarios        

Corn 1 1 4 1 1 2.95 14 

Corn Syrup 1 4 5 1 1 2.30 18 

Corn Stover 5 1 3 1 1 2.70 16 

Genera Corn Stover 5 1 3 1 1 2.70 16 

Softwoods 5 5 4 1 5 3.95 3 

US Eucalyptus 5 5 4 1 5 3.95 3 

Unmanaged Hardwoods 5 5 4 1 5 3.95 3 

Forest Residues 5 5 1 5 5 4.00 2 

Switchgrass 5 5 2 5 1 3.65 10 

Genera Switchgrass 5 4 2 1 2 2.90 15 

Sweet Sorghum 5 4 5 1 1 3.50 11 

Genera Biomass Sorghum 5 4 3 5 1 3.80 7 

Palm EFB 5 4 5 5 5 4.90 1 

Rice Hulls 5 2 2 1 5 3.15 13 

Thai Bagasse 5 5 3 1 5 3.70 8 

Brazilian Sugarcane 5 3 2 1 5 3.25 12 

Brazilian Bagasse 5 5 3 1 5 3.70 8 

Brazilian Eucalyptus 5 5 4 1 5 3.95 3 

 

As noted above, harvestable month criteria scores contribute substantially less to 

overall single-score using Method 3 than for Method 2, due to the clustering of alternatives 

within scoring quintile 1. More polarization is also seen for environmental preference score 

due to lack of raw value differentiation across raw value range. For Method 3 and weight 

set 1, Brazilian eucalyptus, Genera biomass sorghum, and oil palm empty fruit bunch 

biomass types were found to be most holistically preferred, respectively, for South 

America, North America and Southeast Asia. Whereas for Method 2 switchgrass was found 

to be consistently ranked lowest, for Method 3 the lowest ranked was consistently corn. As 

for Method 2, three additional weight sets (W2, W3, and W4) were used for single-scoring 
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and ranking using Method 3. The use of different weight sets, for some biomass types, 

specifically rice hulls and Genera switchgrass, resulted in rank position variability with 

ranges of 6-12 and 8-14, respectively. 

In Fig. 4, single-scores for each alternative and contribution of each criterion to 

single-score are shown, using Method 3 and weight set 1. Herein, a single-score of 5 is 

most preferred. 

 

 
Fig. 4. Cumulative preference scores, distributed for each criterion across a criterion-specific 
quintile, and final alternative rank order. The weighting set was delivered cost 30%, sugar yield 
25%, transportation distance 20%, harvestable months 15%, and environmental impact 10%. 

 

As can be seen in Fig. 4, other than the Genera biomass sorghum biomass scenario, 

residues and non-domestic biomass types dominate the upper rank positions. Additionally, 

despite the fact that biomass cost is weighted higher than sugar yield, sugar yield often 

contributes more substantially to cumulative preference score. For some biomass types, 

transportation distance, which is weighted only 20%, and delivered cost, weighted 30%, 

contribute to single-score equally. This is likely due to more polarization among 

alternatives for Method 3 as compared to Method 2. This equality of contribution from 

delivered cost and transportation distance to single-score practically disappears for weight 

sets 2 and 3, for which delivered cost is weighted even more heavily than transport distance 

as compared to weight set 1. 

Follow-up research will investigate the sensitivity of the results to other alternative 

parameters (biomass availability, various cost drivers, and chemicals and energy necessary 

to produce the biomass, among others) and the impact of MCDA methodology used. 
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Ranking stability analysis 

Comparing the rank order results from the unweighted method (Method 1), 

weighted, rank-order distributed method (Method 2), and weighted, criterion value 

magnitude distributed method (Method 3) shows some re-ranking. This rank order 

instability is an indication of rank sensitivity to weighting and MCDA methodology 

(Appendix Table A2). Consistent among the results of these analyses is that Brazilian 

sugarcane bagasse, Brazilian eucalyptus, and Malaysian empty fruit bunch are ranked 

within the top five biomass types, though localized re-ranking occurs between methods and 

weight sets. 

Spearman’s rank order correlation coefficient (ρ, see Eq. 3) was calculated for 

pairwise comparison of rank order change between the various cumulative unweighted and 

weighted rank orders developed using either differing methodologies or differing weight 

set assumptions. Then average ρ values (Table 11) were calculated for changing study 

parameters to identify the parameter that most affects rank order stability. 

 

Table 11. Spearman’s Rank Order Correlation Coefficient (Sielska 2010) 
Calculated for Pairwise Comparisons of the Rank Order 

Parameter 
Number Study Parameter Description 

Average 
ρ 

1 Method change with weight sets constant (Methods 1, 2, 3) 0.10 
2 Weight change with MCDA Method held constant (Methods 1, 2, 3) 0.84 
3 Weight change - Method 2 w/ uncertainty 0.91 

4 Weight change - Method 3 w/ uncertainty 0.78 
5 Weight change - Method 2 0.95 
6 Weight change - Method 3 0.91 
7 Constrained randomization - Method 2, randomized around W1 0.91 
8 Constrained randomization - Method 3, randomized around W1 0.88 

9 Constrained randomization – Methods (2 and 3) change, 
randomized around W1 

0.10 

 

The value of Spearman’s correlation coefficient (ρ) is that the rank order stability 

can be determined for differences in MCDA method and results as well as for differences 

in results due to different weight sets, holding MCDA method constant. 

 

 The average ρ value for parameter number 1 was calculated by comparing the pair-wise 

rank order stability between Methods 1, 2, and 3 for each weight set, holding weight 

set constant. This value was 0.10 and indicates significant rank instability between the 

three methods. 

 For parameter 2, four different weight sets (W1, W2, W3, and W4) were used, holding 

MCDA method (2 and 3) constant. The average ρ value was 0.84, indicating only 

moderate rank instability due to weight set choice and that the use of distinctively 

different weight sets might not affect the outcome in this study to the same extent as 

method choice. This is also an indicator that weight set uncertainty may not be 

causative of rank order uncertainty. 

 For parameters 3 and 4, the four different weight sets are again used, this time for only 

Method 2 and Method 3, respectively, including the ρ value for rank order stability 

between Method 1 and Method 2 and Method 1 and Method 3, respectively. These ρ 

values were determined to be 0.91 and 0.78, respectively. 
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 For parameter 5 and 6, the same analysis was conducted as for parameters 3 and 4, for 

Method 2 and Method 3, respectively; however Method 1 was not included in the 

calculation of average ρ values. These ρ values were 0.95 and 0.91, signifying a high 

level of rank order stability, indicating minimal risk of re-ranking when weight set is 

changed. 

 For parameters 7 and 8, constrained randomization (CR) was conducted around weight 

set 1 (W1), for only Method 2 or Method 3, respectively. The ρ values were 0.81 for 

Method 2 and 0.88 for Method 3, representing a low risk of re-ranking as found for 

parameters 5 and 6. It is important to note that randomization minimally affected the 

average ρ value for Method 2 and Method 3. This is likely due to a decrease in weight 

set variability between CR1, CR2 and CR3 as compared to W1, W2, W3, and W4. 

 For parameter 9, the average ρ value is calculated for all pair-wise comparisons of rank 

order as constrained randomization is applied (CR1, CR2, and CR3) for Method 2 and 

Method 3. The ρ value was 0.10, indicating very low rank order stability. Since rank 

order stability was not found to change drastically due to weight change, and even less 

due to constrained randomization, this low rank order stability is most likely due to the 

differences between Method 1 and Methods 2 and 3 with respect to criterion values and 

single-scoring. 

 

Only Brazilian eucalyptus and Malaysian empty fruit bunch were ranked in the top 

five feedstocks for every method and weight set combinations (see Appendix Table A2). 

Alternatively, only corn and corn stover ranked in the bottom five for all method and weight 

set combinations. With the amount of re-ranking caused by method and weight set changes, 

as shown above, the fact that these feedstocks did not change rank outside of a narrow rank 

order range indicates a high level of confidence in their preference or rejection as viable 

biomass feedstock for biorefining. 

Weight set change minimally impacts rank order stability (and therefore the 

confidence that a decision maker can have in the original rank order) and method change 

more drastically impacts rank order stability. Therefore, a decision maker should use a 

consistent MCDA method and apply a best approximated weight set for a rank order that 

is most indicative of the decision-makers’ values. 

It can be reasoned that weight set 2 (55/20/10/10/5% for biomass cost, sugar yield, 

transport distance, harvestable months, and environmental single-score, respectively) is 

most representative of the priorities of a biorefinery owner/operator, and that MCDA 

Method 3 handles magnitude difference between alternative values most appropriately. 

Using these decision model parameters, Genera biomass sorghum, Malaysian empty fruit 

bunch, forest residues, Brazilian eucalyptus, or Brazilian sugarcane bagasse are most 

preferred biomass feedstock for a sugar biorefinery. It should be noted that the methods 

and results presented herein are for screening purposes. Entities intending to invest in a 

commercial-scale biorefinery or working in the stage-gate process for technology scale-up 

would conduct more stringent as well as more site- and feedstock-specific analyses to 

determine feasibility. 

What is evident from these unweighted and weighted multi-criteria ranking 

activities is that additional and clearer interpretative tools are necessary both for multi-

criteria decision making and for the interpretation stage of LCA. Future work will explore 

the use of SMAA alongside other internal and external normalization and weighting 

schemes. By doing so, more insightful and useful interpretation of feasibility and LCA 
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study results for decision makers and other stakeholders will be established. Further 

retrospective analysis of the value of these MCDA methods for biorefining could also 

confirm the efficacy of these methods. 

 

 

CONCLUSIONS 
 

1. A weighted single-scoring method (Method 3: weighted, raw criterion value distributed 

scoring method) was developed that integrates typically non-comparable feasibility 

metrics and facilitates more objective scenario comparison and ranking. 

2. Only Brazilian eucalyptus and Malaysian empty fruit bunch were ranked in the top five 

biomass types for all weight sets and multi-criteria decision-making analysis ranking 

methodologies, confirming their overall preference through a lack of non-localized re-

ranking. 

3. The weighted multi-criteria single-score ranking system is flexible in that the weighting 

parameters can be modified to better reflect the values of the stakeholder. 

4. Using Spearman’s correlation coefficient, it was possible to identify the study 

parameters that most affected rank order stability and therefore uncertainty in final rank 

order. 

5. Rank order for biomass selection is more sensitive to multi-criteria decision-making 

analysis method used than to the weight sets explored, meaning that use of a reasonable 

experimental weight set and the weighted, raw value distributed method (method 3) 

will approximate a rank order that reflects the decision-makers values. 
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APPENDIX 
 

Table A1. Experimental Weight Set Values (W1, W2, W3, and W4) for the 
Selected Criteria and Weight Set Values Generated using Iterative, Constrained 
Randomization as Described in the Methods Section (CR1, CR2, and CR3) 

Criteria W1 W2 W3 W4 CR1 CR2 CR3 

Delivered cost .30 .55 .45 .35 .30 .31 .34 

Sugar yield .25 .20 .30 .25 .20 .30 .20 

Transport distance .20 .10 .10 .20 .20 .21 .20 

Harvestable months .15 .10 .10 .10 .18 .10 .19 

Environmental preference .10 .5 .5 .10 .12 .8 .7 

Note: All weight sets sum to 1.00.  
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Table A2. Rank Order for All Method and Weighting Combinations and for Three Constrained Randomization Scenarios, Based 
on Delivered Cost, Sugar Yield, Transport Distance, Harvestable Months, and Environmental Preference 

  M1 
M2 
W1 

M3 
W1 

M2 
W2 

M3 
W2 

M2 
W3 

M3 
W3 

M2 
W4 

M3 
W4 

M2 
CR1 

M3 
CR1 

M2 
CR2 

M3 
CR2 

M2 
CR3 

M3 
CR3 

Corn 17 16 14 17 14 16 11 16 13 17 15 16 12 16 14 

Corn Syrup 14 15 18 16 18 15 18 15 18 15 18 12 18 15 18 

Corn Stover 16 12 16 9 16 9 15 11 16 14 16 11 16 11 16 

Genera Corn Stover 10 8 16 5 16 5 15 5 16 8 16 5 16 9 16 

Softwood 10 13 3 13 2 13 2 13 4 12 3 14 3 13 3 

US Eucalyptus 8 13 3 13 2 13 2 13 4 12 3 14 3 13 3 

Unmanaged Hardwoods 12.5 11 3 12 2 11 2 12 4 11 3 13 3 12 3 

Forest Residues 15 17 2 15 6 17 10 17 2 16 2 17 7 17 2 

Switchgrass 18 18 10 18 11 18 11 18 8 18 10 18 8 18 10 

Genera Switchgrass 12.5 5 15 8 15 8 17 6 15 5 14 7 15 5 14 

Sweet Sorghum 10 5 11 3 10 2 6 4 9 10 11 4 9 8 13 

Genera Biomass Sorghum 3 3 7 2 9 4 9 2 2 2 9 3 2 1 9 

Palm EFB 4 2 1 1 1 1 1 2 1 3 1 2 1 2 1 

Rice Hulls 6 10 13 7 13 7 14 9 13 8 13 9 14 5 12 

Thai Bagasse 5 4 8 10 6 9 7 6 9 4 7 5 10 7 7 

Brazilian Sugarcane 7 7 12 6 12 6 13 6 12 6 12 8 13 4 11 

Brazilian Bagasse 2 9 8 11 6 12 7 10 9 7 7 9 10 10 7 

Brazilian Eucalyptus 1 1 3 4 2 3 2 1 4 1 3 1 3 2 3 
Note: A rank of 1 is best. M1 = unweighted ranking method, M2 = weighted scoring by criterion-specific rank order, M3 = weighted scoring by raw criterion 
value across fixed scoring space; W1, W2, W3 and W4 are described in Table A1; CR1, CR2 and CR3 represent three weight sets, described in Table A1, 
developed using constrained randomization. 


