
UCLA
UCLA Previously Published Works

Title
Energy Efficiency in Small and Medium-Sized Manufacturing Firms: Order Effects and the 
Adoption of Process Improvement Recommendations

Permalink
https://escholarship.org/uc/item/5hs4r22t

Journal
Manufacturing & Service Operations Management, 15(4)

ISSN
1523-4614

Authors
Muthulingam, Suresh
Corbett, Charles J
Benartzi, Shlomo
et al.

Publication Date
2013-10-01

DOI
10.1287/msom.2013.0439
 
Peer reviewed

eScholarship.org Powered by the California Digital Library
University of California

https://escholarship.org/uc/item/5hs4r22t
https://escholarship.org/uc/item/5hs4r22t#author
https://escholarship.org
http://www.cdlib.org/


1 

 

Energy Efficiency in Small and Medium-Sized Manufacturing 

Firms: Order Effects and the Adoption of Process Improvement 

Recommendations 
 

Suresh Muthulingam
*
 

Johnson Graduate School of Management, Cornell University, Ithaca, New York 14853-6201,  

muthulingam@cornell.edu 

 

Charles J. Corbett
*
 

Anderson School of Management, University of California, Los Angeles, California 90095-1481, 

charles.corbett@anderson.ucla.edu 

 

Shlomo Benartzi 
Anderson School of Management, University of California, Los Angeles, California 90095-1481,  

benartzi@ucla.edu 

 

Bohdan Oppenheim 
Frank R. Seaver College of Science and Engineering, Loyola Marymount University, Los Angeles, California 

90045-2659, boppenheim@lmu.edu 

 
*
Corresponding authors 

 

Abstract 

 

In many manufacturing operations, profitable energy efficiency opportunities remain unexploited. While 

previous studies have tried to explain the underinvestment, we focus on how the way in which a portfolio 

of opportunities is presented in a list affects adoption decisions. We use information on over 100,000 en-

ergy saving recommendations made to more than 13,000 small and medium-sized manufacturing firms 

under the Industrial Assessment Centers (IAC) program of the US Department of Energy (DOE).We find 

that adoption rates are higher for initiatives appearing early in a list of recommendations. This sequence 

effect is consistent and large: simply moving a recommendation one position lower has the same effect on 

average as increasing upfront implementation cost by at least 17% from the average value. Given this im-

pact of sequence on adoption of individual recommendations, we utilize variations within our data to ex-

amine how various sequencing approaches affect adoption at the portfolio level. Sequences in which rec-

ommendations are listed from best to worst payback achieve higher potential energy savings given the 

investments in energy efficiency made by the firms. We also observe a choice overload effect at the port-

folio level, but the magnitude of this effect is small.  

Keywords: Process Improvement, Energy Efficiency, Behavioral Operations, Order Effects, 

Econometric Analysis, Empirical Research, Energy-Related Operations, Environmental Operations

 

1.  Introduction 

Energy efficiency has been recognized since the early 1970s as an often profitable endeavor to reduce 

energy consumption in many manufacturing operations. However, many profitable energy efficiency op-

portunities in industrial plants still remain unexploited (Bernstein et al. 2007). The substantial literature 
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examining this apparent paradox (Jaffe and Stavins 1994a, DeCanio 1998, Charles 2009) tends to exam-

ine individual opportunities in isolation, putting forward various reasons why one particular seemingly 

profitable opportunity fails to be pursued. In practice energy efficiency opportunities are usually present-

ed as sets, typically in the form of a list. Instead of asking why managers invest the total amount that they 

do, we examine how the structure of the list affects firms’ adoption decisions.  

Energy efficiency is closely aligned with Operations Management (OM) for two broad reasons. First, 

energy constitutes a significant share of manufacturing input. In the US, industry accounted for a third of 

the 23.4 quadrillion BTUs (British thermal unit) of energy consumed in 2010 (AEO 2012). Further, onsite 

losses were estimated at 32% of the energy input to plants (DOE-ITP 2004), which is one of the drivers 

for the Department of Energy (DOE) to undertake several initiatives to promote energy efficiency. Sec-

ond, improving energy efficiency in manufacturing typically involves process improvements, such as 

modification or replacement of equipment, improved management of existing systems, and minimization 

of waste or resource usage. However, adoption of energy efficiency has not received much attention in the 

OM literature to date; e.g., the review by Kleindorfer et al. (2005) mentions energy a few times but does 

not cite any work that focuses on energy efficiency. Aflaki et al. (2012) propose a conceptual framework 

linking energy efficiency to sustainable operations, and briefly discuss how myopia, excessively high dis-

count rates, complexity and ambiguity contribute to lower adoption of energy-efficiency projects than 

expected. Here we take the level of (under-)investment as given, and focus on how firms choose between 

projects conditional on their overall investment, as a function of the structure of the list of recommenda-

tions. In doing so, we contribute to the OM literature by our focus on energy efficiency and by introduc-

ing a significant but previously overlooked behavioral factor that affects OM decision-making in practice.  

Our data comes from the Industrial Assessment Centers (IAC) program of the DOE, which provides 

free energy audits to small- and medium-sized manufacturing firms in the US. Our work has been in-

formed by close interaction with the IAC program. One of the authors of this paper was the Director of an 

IAC in California and led 125 assessments from 2001 to 2007. We also interviewed or visited five firms 

assessed under the IAC program. At the end of our work, we interviewed eight other IACs. Moreover, 

two authors of this study collaborated with the IAC at San Diego State University (SDSU) as part of a 

different project, which provided further insight into the entire assessment process and subsequent adop-

tion decisions by participating firms.  

The IAC program has been in existence since 1976 and is estimated to have provided cumulative en-

ergy savings of 1,714 trillion BTU by 2007 (Impacts 2007). The energy efficiency assessments are done 

by faculty and students from accredited engineering schools (Muller et al. 2004). The recommendations 

usually have attractive rates of return and their average payback period is just over a year. A former IAC 

director (one of the authors) illustrates how easily substantial savings can achieved: “A quarter-inch di-
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ameter hole in a compressed air system implies $5,000 per year in wasted energy costs.” Despite this, 

many energy efficiency recommendations are not implemented. From 1981 to 2006, less than half of the 

identified energy savings have been implemented.  

Many studies indicate that a significant proportion of energy efficiency opportunities still remain un-

exploited (Expert Group on Energy Efficiency 2007). Several reasons have been proposed in the literature 

including market-failure and non-market-failure explanations (Jaffe and Stavins 1994b), organizational 

and institutional factors (DeCanio 1998), technology adoption and learning by using (Mulder et al. 2003), 

real options framework (Dierderen et al. 2003), and complexity of regulation (Mueller 2006). More re-

cently, researchers have suggested that behavioral factors may play a greater role in explaining the low 

adoption of energy efficiency opportunities (Charles 2009, Allcott and Mullainathan 2010). We add to 

this behavioral perspective by facilitating a better understanding of why managers make the specific 

choices that they do, when faced with a list of opportunities, conditional on their overall investment level. 

Even though we do not address underinvestment directly, understanding managers’ choice behavior is 

essential to ultimately mitigate their underinvestment in energy efficiency. 

In this paper, we investigate (non-)adoption of over 100,000 energy-saving recommendations made to 

more than 13,000 manufacturing firms. It is known that economic attributes (payback, cost, savings) in-

fluence the adoption rates of individual recommendations, as documented by Anderson and Newell 

(2004) (A&N from here on), using the same database. We focus specifically on two noneconomic factors: 

the sequence in which the recommendations are presented and the total number of recommendations. This 

enables us to understand how the overall portfolio of recommendations, and specifically their list struc-

ture, influences managerial behavior. The manager’s decision problem can be thought of as closely relat-

ed to the classic knapsack problem, where typically the way items in the knapsack are labeled is assumed 

to be irrelevant. We find that the sequence in which recommendations are presented has a large and con-

sistent effect on managers’ choices.  

Although it may not appear unexpected that recommendations listed earlier are more likely to be im-

plemented, it is still an open question in the psychology literature whether and when such a primacy effect 

exists (Carney and Banaji 2012, Mantonakis et al. 2009). Moreover, such an effect has not been docu-

mented before in an operations management context, where one would expect such biases to be less 

strong than in individual or consumer judgment contexts. The effect is quite large and consistent: simply 

moving a recommendation one position lower in an average assessment has the same effect as increasing 

upfront implementation cost by at least 17% from the average value. While the magnitude and consisten-

cy of this effect are interesting findings in themselves, they do not immediately prescribe how to order a 

list of recommendations to maximize overall adoption. Should attractive recommendations be listed first 

to maximize their adoption, or should less attractive recommendations be listed first, in the hope that they 
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will be adopted while the more attractive recommendations will be adopted anyway despite appearing 

towards the end of the list? We find that the former ordering is more effective: firms adopt 3.38% more of 

potential energy savings given their chosen investment level when recommendations with fastest payback 

are listed first. We also find that overall adoption of energy savings falls by 1.11% with each additional 

recommendation included, which suggests the impact of the total number of recommendations is low. 

This study makes several contributions to the OM literature and the choice literature. First, it is one of 

the first papers to explicitly examine order effects in OM. Second, we demonstrate that this effect is con-

sistent and large in our context. Third, we highlight how several guidelines for sequencing energy effi-

ciency recommendations in a list can increase or decrease overall adoption. Fourth, our study of these 

behavioral issues uses actual field data which connects our work particularly closely to practice.  

The rest of the paper is organized as follows. In Section 2, we present the hypotheses. In Section 3, 

we describe the data and the measures used in our list level analysis. In Section 4, we present our meth-

odology and results for the list level analyses. In Section 5, we discuss the implications of our results at a 

portfolio level. In Section 6, we conclude with discussions and limitations.  

2.  Hypotheses 

Our hypotheses draw on the growing body of behavioral operations literature. Gino and Pisano (2008) 

point out that “many questions regarding how common biases studied in behavioral decision research af-

fect operating systems and processes remain unanswered”. Our study responds to their call and examines 

behavioral considerations in decision making processes within OM contexts. We first develop two hy-

potheses which focus on the effect of the sequence and length of the list on adoption of individual rec-

ommendations. Later, in Section 5, we examine implications for the portfolio of recommendations. 

The first factor we explore is the sequence in which recommendations are listed. This is because firms 

in the IAC program are provided a list of recommendations from which they can choose any combination 

of recommendations to implement (Muller et al. 2004), and several studies in the literature have high-

lighted that choice or judgment is influenced by the order of presentation. Two effects have been pro-

posed that link the order of presentation to choices or judgments. The first effect is the primacy effect, 

which indicates that information presented early in a sequence has a higher effect on judgment or choices. 

The second effect is the recency effect, which suggests that information presented later in a sequence has 

a higher impact on judgment or choices (Anderson 1971). The impact of primacy and recency effects on 

choices made has been examined in several settings, such as decision makers selecting from a collection 

of paintings (Li and Epley 2009), from a collection of wines (Mantonakis et. al. 2009), and choosing a 
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salesperson and team to join, choosing a bubblegum, and paroling a convicted criminal (Carney and Ba-

naji 2012). However, the literature finds varying support for primacy and recency effects.  

The experiments done in Mantonakis et al. (2009) and Carney and Banaji (2012) are probably most 

relevant for our study as decision makers are presented options sequentially and asked to choose the best 

option after observing all options. Both studies predict and find primacy effects and put forth several rea-

sons to support their prediction. For instance, Mantonakis et al. (2009) point out that decision makers 

need to form summary impressions of each option to facilitate evaluation. They claim that this process 

could lead to primacy effects because of first-impression effects, biased processing of later information 

(driven by a confirmatory mind-set) or simple attention decrement. Similarly, Carney and Banaji (2012) 

claim that primacy effects will be observed in their context as things experienced first are remembered 

better, create stronger association, influence impressions more decisively and persuade more effectively. 

While the evidence regarding primacy effects is consistent in these studies, the findings related to recency 

effects are mixed. Mantonakis et al. (2009) find that when expert decision makers evaluate longer se-

quences they persist in looking for the best option and effectively compare the memory of past options 

with the current option in longer sequences which leads to recency effects. However, Carney and Banaji 

(2012) do not find recency effects even in experiments optimized to yield recency effects.  

Our decision context differs from Mantonakis et al. (2009) and Carney and Banaji (2012) in many 

ways. They focus on choices by consumers and individuals rather than firms; their decision-makers can 

only choose a single option rather than any number of options; their choice has to be made relatively 

quickly and with little or no conscious analysis, unlike our situation where firms can analyze each option 

in detail. Finally, we use large-scale field data rather than experiments. For each of these reasons, it is not 

evident whether their results would carry over to our context. However, their theoretical arguments relat-

ed to primacy effects are more likely to apply to our decision context. Moreover, given the mixed evi-

dence for recency effects in the literature and the fact that firms assessed in the IAC program do not have 

energy-efficiency experts (Muller et al. 2004), it is less likely that recency effects will be observed in our 

context. Therefore, we hypothesize:  

 Hypothesis 1: Recommendations which occur earlier in an assessment will have higher adoption 

rates than recommendations which occur later in an assessment. 

The second factor we explore is the number of recommendations in an assessment. The OM literature 

has found that managerial decisions deviate from profit maximization when the situations are inherently 

complex (Desphande et al. 2003, Keizers et al. 2003). In our context, we expect to see this reflected in 

lower adoption rates for recommendations that appear in longer lists. This effect is referred to as “choice 

overload” and has been examined mainly in the context of consumers or individual decision makers. 

Iyengar and Lepper (2000) find that consumers provided a wide array of choices (24 flavors of jam) are 
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less likely to make a purchase than those given limited choices (6 flavors of jam). Benartzi and Thaler 

(2007) find similar phenomena in the context of planning retirement savings. More recently, scholars 

have investigated what moderates this effect. Chernev (2003a and 2003b) demonstrates that in situations 

with some novelty and complexity, decision makers with clearly articulated attribute preferences are more 

likely to choose from sets with more choices than those without clear preferences. He claims that decision 

makers without clear preferences face the more challenging task of evaluating alternatives while simulta-

neously developing the criteria for evaluation.  Gourville and Soman (2005) find that “overchoice” is also 

moderated by the type of alternatives provided. Decision makers prefer larger choice sets when alterna-

tives vary along a single compensatory attribute (engine size of a car). However, when alternatives vary 

along multiple non-compensatory attributes (sun roof vis-à-vis leather interiors), decision makers exhibit 

“choice overload” due to the increased cognitive effort required to process all relevant information. 

The context of the IAC program involves manufacturing firms which differs from the above studies 

that focus mainly on individual consumers. Further, in the IAC program firms can adopt more than one 

recommendation from the set provided. Despite these differences, we expect the findings from the 

“choice overload” literature to carry over. This is because, in the IAC program, firms are typically pro-

vided a set of recommendations which differ along several attributes, and though the firm may have a 

clear view of the financial criteria, the other attributes are less directly comparable, (e.g., whether it per-

tains to a manufacturing process, supplier practices, direct labor, etc.), which increases the cognitive ef-

forts involved in evaluating the recommendations. Therefore, cognitive effort increases with the number 

of recommendations provided. Consequently, we predict that the adoption rate of any specific recommen-

dation will decrease, ceteris paribus, as the list it appears in becomes longer. 

Hypothesis 2: Adoption rates of individual recommendations will fall as more recommendations are 

made in the same assessment. 

We test our hypotheses on the adoption of individual recommendations, in Section 4. Subsequently 

we undertake several additional tests to assess the robustness of our results. In Section 5, we explore the 

implications of our findings for adoption at the portfolio level. In the next section, we discuss the data 

used in our analyses and define the measures used to examine adoption of individual recommendations. 

3.  Data and Measures 

3.1 Data and Context 

The DOE’s IAC program funds a network of universities to conduct free energy assessments for small 

and medium-sized manufacturing firms. Over 50 universities have participated in the program at various 
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times since it started in 1976. In fiscal year 2010, the budget for the IAC program was $3.87 million and 

386 assessments were performed (DOE 2011). 

Firms are chosen based on multiple criteria. Plants whose products fall within SIC codes 20 through 

39, which are within 150 miles of the host IAC, which have annual sales below $100 million, with less 

than 500 employees, with annual energy bills between $100,000 and $2 million and which have no tech-

nical staff whose primary duty is energy analysis are eligible for assessment (Muller et al. 2004). A small 

number of larger firms were also assessed, based on special request of the DOE.  

Firms may either contact the IAC requesting an assessment or the IAC may directly contact potential 

firms. Once a firm agrees, the IAC team collects information on the current energy usage. Next, an IAC 

team visits the firm’s manufacturing facility; the visit entails interviews with plant management, plant 

tours and collection of operational data. One of the authors, a former IAC director, indicated that some-

times it was surprisingly easy to identify opportunities: “In some plants we hear a constant hiss which 

indicates a compressed air leak.” Other recommendations are identified by analyzing operational data. As 

the former IAC director says; “In one plant we saw excess flash (extra material) on parts made using in-

jection molding. Using specific heat values for the molding material we found that they were using 

around forty times the energy required.” After the visit, the team provides a written report with specific 

recommendations involving energy, waste streams and productivity. The DOE classifies recommenda-

tions by Assessment Recommendation Code (ARC) into 25 major categories and over 600 sub-categories. 

After six to nine months, the IAC asks the firm which recommendations have been or will be implement-

ed in the next year. The IAC tracks which recommendations have been adopted over a period of two 

years. A database with information on all recommendations and assessments done since 1981 is main-

tained at a public website hosted by the Center for Advanced Energy Systems at Rutgers University. The 

assessment level information includes plant demographics such as annual sales, employees, plant area, 

production hours, energy consumed, manufacturing sector, date of assessment, etc. The recommendation 

level information includes expected savings, implementation costs, payback in years (calculated as im-

plementation costs divided by annual savings), energy conserved, implementation status, the ARC num-

ber, and the order in which it appeared in the assessment. Details on the IAC database and the assessment 

process are available in “The DOE Industrial Assessment Database Manual” (Muller et al. 2004). 

3.1.1 Synopsis of Observations from our Interviews and Interactions with the IAC Program 

One of the authors interviewed managers of five firms assessed by an IAC in California, and visited 

one of them. The firms were in the Dyeing, Electronic Products, Aluminum Casting, Metal Plating and 

Smelting industries and had 20 to 300 employees. The most common recommendations were to replace 

an existing HVAC unit with a high efficiency model and to use a more efficient light source.  
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We observed that adoption of recommendations was driven not only by implementation costs, savings 

and technology type, but also by, among others, whether the recommendations were easy or hard to im-

plement and whether manpower was available for implementation. Further, two of the authors interacted 

with the IAC at SDSU on a different project, which included looking at reasons for adoption or non-

adoption of recommendations. In addition, at the end of our study, we also interviewed eight other IACs 

to understand how they sequence their recommendations. We found that there are no common guidelines 

which govern how the IACs present their recommendations. Three of the IACs did not follow any explicit 

sequencing rules, three sought to present recommendations with higher savings earlier in the assessment, 

one listed recommendations with shorter payback earlier, and one grouped recommendations by technol-

ogy type. Even for the IACs that claimed they followed certain guidelines in sequencing the recommenda-

tions, when we looked at their assessments, we found that they did not always follow the stated guide-

lines. None of the IACs expected order effects to influence implementation decisions. One IAC Director 

stated, “I find it hard to believe that they (clients) are going to ignore a recommendation based on the 

summaries if it is not listed first. Firms implement based on economic factors.”  

3.1.2 Data Used for Analyses 

We use data from 1981 to 2006. We exclude more recent data as in some instances data collection 

may be incomplete. We adjust all monetary figures for inflation, scaling to year 2006 US dollars using the 

producer price index WPUSOP3000 series for finished goods from the Bureau of Labor Statistics (BLS 

2008). We exclude 2,824 recommendations which are not from 1981-2006, 4,723 which do not have in-

formation on implementation status, 778 with payback longer than nine years, 44 that show costs but no 

savings, and 8 which show negative implementation costs. We also exclude 434 firms with sales over 

$100 million or with SIC codes outside 20 to 39. In all cases, our conclusions do not change if we include 

these observations. Our main analysis is based on 89,299 recommendations. As the identity of the firms in 

the IAC database is confidential, we are unable to obtain firm-level data on profitability, budgets, etc.  

Tables 1 and 2 provide descriptive statistics and correlations for our data. The average estimated im-

plementation cost and annual savings across all recommendations are $19,118 and $17,791. The average 

payback period is just over a year. Firms adopted 50.16% of all recommendations.  

One may ask whether the IAC teams’ estimates of costs and savings are accurate. The DOE has as-

sessed the IAC program at various times using third parties. Martin et. al. (1999) evaluated audits done in 

1997 and find that the direct savings realized are in line with the projected savings. The five firms we in-

terviewed also vouched for the accuracy of the recommendations.  
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3.2. Key Variables Used in List Level Analysis 

The dependent variables for our list level analyses are indicators which represent whether the recom-

mendation is adopted or not.  

3.2.1 Independent Variables 

The key independent variables used in our list level analyses are:  

Serial Position– We use the actual serial position of the recommendation as it appears in the as-

sessment to test Hypothesis 1 on order effects.  

Number of Recommendations– This is the total number of recommendations made in an assess-

ment and is used to test Hypothesis 2 on choice overload. 

Managerial Attention Required – This 0-1 variable indicates whether recommendations require 

high or low managerial attention. The classification was done independently by two of the authors, one a 

former director of an IAC and the other a former operations consultant who has worked for over a decade 

on projects similar in nature to the IAC assessments. Of the 684 distinct recommendation types defined 

by the IAC program, 155 were identified as requiring low managerial attention and 79 as requiring high 

attention; the remaining 450 types could not be unambiguously classified. The kappa statistic measure of 

inter-rater agreement is 0.85 which is quite high; Landis and Koch (1977) suggest that a kappa statistic of 

above 0.81 represents almost perfect agreement. Our procedure is conservative as we only use recom-

mendations that can be clearly classified as requiring low or high attention. A sample list of recommenda-

tions that are classified as requiring low and high managerial attention is provided in Table 3.  

3.2.2 Control Variables 

Economic Characteristics of a Recommendation – We follow A&N and use six variables to control 

for the economic characteristics of a recommendation: ln(Payback), [ln(Payback)]
2
, ln(Cost), [ln(Cost)]

2
, 

ln(Savings) and [ln(Savings)]
2
. Cost is one-time implementation costs, for equipment, installation, train-

ing, etc. Savings represent the expected annual savings. Payback is defined as costs divided by savings, so 

lower values indicate shorter time to recoup upfront investments. Following A&N, we normalize pay-

back, cost and savings so that their mean equals one to ease interpretation of the coefficients. In line with 

A&N, we use the logarithmic form as it improves model fit, but the linear form provides similar results.  

Recommendation Type – We include indicator variables for each of the 25 different mutually ex-

clusive major categories of recommendation type based on the first two digits of the ARC code, to control 

for the underlying heterogeneity among the recommendations.  

Variance of Payback of a Recommendation Type – Managers may believe a recommendation’s 

returns are uncertain, based on their past experience with similar recommendations, discussions with 

managers in other firms, or even by looking at historical data in the IAC database. To control for this per-
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ceived uncertainty we use the variance of payback of recommendation type i across all firms that got rec-

ommendation type i, computed as ∑j ϵ J(i) [(Payback)ij-(Average Payback)i]
2
, where J(i) represents all firms 

that were given recommendation i. This variable is not a perfect measure of perceived uncertainty as it 

also captures the underlying heterogeneity of the firms, but as long as there is some recommendation-

specific component to this overall variance, this measure will be correlated with the uncertainty associat-

ed with a recommendation type.  

Assessment Year – We use indicator variables for the year the assessment was done. 

Assessment Quarter – Stern and Aronson (1984) indicate that expenses that fit into the present 

budget cycle require fewer approvals. The 1998 Survey of Small Business Finances by the Federal Re-

serve Board finds that for nearly 85% of small firms in the US, the fiscal year coincides with the calendar 

year. Consequently, to capture the impact of budgetary cycles we use indicator variables to identify the 

specific calendar quarter in which the assessment was done. 

IAC Control – We use indicator variables to identify which IAC undertook the assessment, which 

also serves as a surrogate control for the state in which the assessed firm is located. 

SIC Control – We use indicator variables for each firm’s two digit SIC code.  

Other Firm Level Control – We use sales, number of employees and the plant area (in square 

feet) as additional controls for firm-level effects. 

4.  Methodology and Results for the List Level Analyses  

We test our Hypotheses 1 and 2 using models that build on A&N, who estimate a conditional logit model 

and find, as one would expect, that initial costs, savings, and the payback of a recommendation have a 

significant effect on the adoption of the recommendations. We enhance their model by including two ad-

ditional key variables: the serial position of each recommendation and the total number of recommenda-

tions in an assessment, as well as several additional controls. However, one cannot simply add these vari-

ables to the A&N models, for two reasons. First, the serial position of the recommendations in an assess-

ment may be endogenous, so we use probit instrumental variables models. Second, we can no longer use 

firm-level fixed effects with these new variables, so we need additional firm-level controls such as sales, 

number of employees, and two digit SIC codes. All analyses were done using STATA version 10.1. 

4.1 Probit and Instrumental Variables Probit Model 

We use an indicator variable Yij that equals 1 if recommendation i in assessment j is adopted and 0 

otherwise. The resultant choice problem is defined by the latent variable model: 

Yij
* 
= α + Mij*β + Vij*γ + Tij*ρ  + Sij*ζ + Nj*η + Cj*χ + εij                             (1) 
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 εij = δi + μj + έij                  (2) 
 

where Yij
*
 is the net benefit of adopting recommendation i in assessment j; Mij is the vector of economic 

characteristics; Vij is the variance of payback; Tij is the vector of recommendation type dummies; Sij rep-

resents the serial position of recommendation i in assessment j; Nj is the number of recommendations in 

assessment j; the matrix Cj includes controls for the specific IAC, two digit SIC codes, sales, number of 

employees, the year of assessment and the calendar quarter in which the assessment was done. The error 

terms εij are decomposed into three parts. The first part is δi which represents recommendation type-

related unobserved characteristics and is partially controlled for by including indicators for recommenda-

tion type and the variance in payback. The second part is μj which represents assessment-related unob-

served characteristics and is partially controlled for by including indicators for specific IAC, two digit 

SIC codes, firm size and firm-level variables such as sales and number of employees. The third part έij are 

related to the recommendation and firm-specific unobserved characteristics.  

Decision makers will adopt a recommendation only if the benefits from adopting are positive, and 

thus the probability that a recommendation is adopted is  

Prob [Yij = 1] = Prob[α + Mij*β + Vij*γ + Tij*ρ  + Sij*ζ + Nj*η + Cj*χ + εij > 0]  

                =  F (α + Mij*β + Vij*γ + Tij*ρ  + Sij*ζ + Nj*η + Cj*χ )                 (3) 

where F is the cumulative distribution function for εij.  If εij follows a standard normal distribution we 

have the probit model (Maddala 2003).  

Model (1) treats the serial position of the recommendation as exogenous. However, our interviews 

suggest that some IACs do (or claim to) follow various guidelines in deciding on how to list the recom-

mendations. Some IACs may place recommendations they consider attractive at the top of the list to in-

crease their chance of implementation, or they may place the attractive recommendations later so that oth-

er recommendations come earlier in the assessment and get a higher probability of implementation. As the 

IACs are evaluated partly on the number of recommendations implemented they have an incentive to pre-

sent the recommendations in a manner that will increase adoption. If the IAC’s assessment of the attrac-

tiveness of each recommendation were captured by the observable variables then we could use model (1) 

to obtain consistent results. However, if the IAC’s assessment of attractiveness is not observable, the ef-

fect of attractiveness will be captured in the error terms, in which case the serial position is correlated 

with the error term and is therefore endogenous in the model. Although none of the 10 IACs that we in-

teracted with explicitly said they list more “attractive” recommendations earlier, some did say that they 

list them at least partly based on savings or payback, so it is possible that some of the IACs do to some 

extent order recommendations based on attractiveness. A Wald test for exogeneity does confirm that the 

serial position is endogenous. We address this problem by using two instruments that are related to the 

serial position of the recommendation, but are otherwise unrelated to the error terms (Wooldridge 2002).  
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We follow the approach suggested in Wooldridge (2002), as also used in Olivares and Cachon (2009) 

who analyze the impact of competition on inventory levels. They observe that competition may be corre-

lated with unobserved consumer characteristics, which could lead to biased estimates. They use measures 

of market population as instruments. They indicate that population will be correlated with competition but 

not with the unobserved consumer characteristics, and hence measures of population are valid instru-

ments. Analogously, our first instrument is based on the order in which the recommendations appear in 

the ARC manual. The ARC manual groups recommendations based on the engineering categories of rec-

ommendations such as combustion systems, thermal systems, electrical power, and so forth. We use the 

ARC code to sequence the recommendations made to a firm so that the recommendation with the lowest 

ARC code is given the first rank, and so forth. The assessors use the ARC codes to report their recom-

mendations to the IAC database, so their listing of recommendations may partly follow the sequence in 

the ARC manual. In this case our instrument based on the order of the recommendation in the ARC man-

ual will be correlated with the serial position of a recommendation in an assessment, but not with the un-

observed attractiveness of a recommendation.  Consequently the ranking based on the order in the ARC 

manual can serve as a valid instrument for the serial position, just as measures of population serve as val-

id instruments for competition in Olivares and Cachon (2009). 

The second instrument is related to the propensity with which each IAC makes a recommendation. 

We follow Cachon and Olivares (2010) who analyze the impact of production flexibility on finished 

goods inventory levels. They claim that there may be a mechanical relationship between production flexi-

bility and the dependent variable. To address this endogeneity, they use production flexibility of other 

models produced in the same plant as instruments. Analogously, we compile the frequency with which 

each IAC makes a particular recommendation across all assessments. We use this to rank the recommen-

dations made to a specific firm so that the recommendation with the highest frequency is ranked first, etc. 

The resulting ranking is a reflection of the IAC’s familiarity with specific recommendations, which may 

be related to the way they present the recommendations. This ranking is based on the IAC’s interaction 

with all firms it has assessed and as such it is not related to the preferences of a specific firm, and hence 

should not be correlated with the error term. One possible concern with this instrument may be that IACs 

are likely to recommend initiatives that have higher probability of adoption among all firms. To address 

this, we estimate the variance of δi relative to έij, using a linear mixed model with random effects incorpo-

rated at the recommendation and assessment levels to evaluate the variance components. We find that the 

estimated variance for δi, the recommendation type-related unobserved characteristics, is 0.01, much 

smaller than that for έij, the recommendation- and firm-specific unobserved characteristics, which is 0.12.  

We use the following instrumental variables probit model to address the endogeneity: 

Yij
* 
= α + Mij*β + Vij*γ + Tij*ρ  + Sij*ζ + Nj*η + Cj*χ + εij                 (4a) 
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 Sij = Mij* Πβ + Vij* Πγ + Tij* Πρ + Nj* Πη + Cj* Πχ + Ij* Πω + νij            (4b) 

In this model the variable serial position Sij is endogenous, as opposed to model (1) where Sij is exog-

enous. The linear projection in equation (4b) represents the reduced form equation for the endogenous 

explanatory variable Sij, where Ij represents the vector of instruments. We assume the error terms in (4a) 

and (4b) are normally distributed and are orthogonal to all regressors. We follow A&N and estimate a 

“Payback” model where we use the variables ln(Payback)ij and [ln(Payback)ij]
2
 for the vector Mij, and 

similarly a “Cost-Benefit” model with ln(Cost)ij , [ln(Cost)ij]
2
 , ln(Savings)ij and [ln(Savings)ij]

2
.  

To validate the instruments, we ran an OLS regression of the variables for serial position of the rec-

ommendation on the instruments related to the ARC code and the IAC propensity to make a type of rec-

ommendation. The R
2
 is 0.23, which is comparable to similar values reported in the literature. Evans and 

Schwab (1995), in a paper which uses a similar instrumental variable probit methodology as we do, report 

R
2
 of 0.16 when they regress their endogenous variable -- Catholic school -- on their instrument -- Catho-

lic religion. We also ran an ordered probit model, and the z-statistics for the instrument related to ARC 

code and the IAC propensity to make a type of recommendation are 91.90 and 70.64 respectively and 

both are significant at p<0.001. Therefore, the chosen instruments are valid determinants of the serial po-

sition of the recommendations for the model (4a).  

Although we find statistical evidence of endogeneity in our data and robustly validate our instru-

ments, we also heed to Murray (2006), who cautions, “(One) can never entirely dispel the clouds of un-

certain validity that hang over instrumental variable analyses…”. Consequently, wherever possible, we 

evaluate our models with both exogenous and endogenous Sij. Table 4 presents the results for the four 

models, with exogenous and endogenous Sij for the Payback and the Cost-Benefit models.  

4.2 Results 

With respect to Hypothesis 1 on order effects, the average adoption rate falls for recommendations 

that occur later in the assessment (as shown in Figure 1), from over 50% for the earliest recommendations 

to around 40% for the last ones. Further, the coefficient of the serial position of the recommendation is 

negative and significant at p<0.001 across all models in Table 4. This supports Hypothesis 1 that the 

probability of adoption falls as the recommendation occurs later in the assessment. In Table 4 for the 

‘Probit’ and ‘IV Probit’ Cost-Benefit Models, if we consider an average assessment and move a recom-

mendation one position lower in the assessment, then on average its probability of adoption will fall by 

0.0102 and 0.0549 respectively. Even in the more conservative Probit model, this means that moving a 

recommendation from 1
st
 to 10

th
 position would reduce adoption likelihood by 10 percentage points. Giv-

en that this is not a controlled experiment we cannot provide an exact estimate of the magnitude of the 

serial position effect. However, given that statistically and anecdotally there is evidence that serial posi-
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tion is endogenous, we believe the actual magnitude of the serial position effect lies somewhere between 

that suggested by the Probit and the IV Probit models. To have the same effect on adoption likelihood, 

implementation costs would have to increase by $3,337 and $30,699 from the average cost of $19,118 for 

the ‘Probit’ and ‘IV Probit’ Cost-Benefit Models respectively (keeping savings constant). The calcula-

tions were done by computing the average drop in probability of adoption when a recommendation is 

moved one position lower in an average assessment and computing the average increase in cost that re-

sults in the same drop in probability of adoption when the recommendation is retained at existing posi-

tion. Marginal effects were computed using the approach provided in Greene (2008, p. 780). These results 

suggest that the serial position effect is substantial. Moreover, the coefficient of the serial position is over 

five times larger for the ‘IV Probit’ models than for the ‘Probit’ models. This indicates that the impact of 

the serial position in the ‘Probit’ models could be understated due to the endogeneity. 

An additional interesting observation is the difference in magnitude between the coefficients for costs 

and those for savings. A&N find that the effect of $1 in upfront costs is 40% greater than that of $1 in 

annual savings, in contrast to earlier work (not using the IAC data) that finds that costs have three (Jaffe 

and Stavins 1995) or eight (Hassett and Metcalf 1995) times the effect of savings. In our models correct-

ing for the serial position, we find that costs have between two (‘Probit’ models) and eight (‘IV Probit’ 

models) times the effect of savings in Table 4, a much larger effect than reported in A&N and closer to 

the range reported in earlier studies. 

For Hypothesis 2, we see in Figure 2 (which does not control for payback etc.) that nearly 50% of the 

recommendations are implemented irrespective of the number of recommendations made to a firm. Fur-

ther, we see that the coefficient of the number of recommendations made is positive in all models and 

significant at p<0.01 in three out of four models in Table 4. This does not support Hypothesis 2 that adop-

tion rates fall as more recommendations are made in an assessment.  

4.3 Robustness Checks 

We did several additional tests to assess the robustness of our results. As the recommendation order 

variable is also related to the total number of recommendations, a possible concern may be that the order 

effect is partly due to the total number of recommendations. We performed two additional tests to address 

this concern. First, we redid the analysis related to Table 4 with a normalized measure of serial position 

instead of the absolute serial position. (I.e. we normalize the serial position of the recommendation within 

the assessment so that the mean value is 1.) Second, we formed groups of all assessments with the same 

total number of recommendations and redid the probit instrumental variables analysis within each group. 

The results of both analyses (available in Tables I and II of the online supplement) support the inference 

that the sequence of recommendations is significant. 
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Another potential concern is that there could be some unobservable recommendations specific charac-

teristics that drive adoption. To address this, we selected those recommendations which had another rec-

ommendation with the same 3- or 4-digit ARC code in the same assessment and estimated the probit 

models within each subsample. The results of these analyses are provided in models (1) to (4) in Table 5, 

where we see that the coefficient of serial position is negative and significant at p<0.05 in all models. As 

a further refinement, from the sets of recommendations matched by 4-digit ARC code within an assess-

ment we select sets where the later recommendation has lower costs and higher savings than the earlier 

matched recommendation. These are sets where the later recommendations financially dominate the earli-

er recommendations. Within this subsample we estimate our probit models of adoption using ‘Relative 

Serial Position’, defined as the relative rank of recommendations matched by 4 digit ARC code within an 

assessment, instead of ‘Serial Position’. The results of these tests are shown in models (5) and (6) in Ta-

ble 5, where the coefficient of ‘Relative Serial Position’ is negative and significant at p<0.05. Even 

though the later recommendation financially dominates the earlier one and is technically nearly identical 

(same 4-digit ARC code), the earlier recommendation is significantly more likely to be adopted. We be-

lieve these results provide compelling evidence for the impact of order effects on adoption. 

A different potential concern may be that adoption decisions are driven mainly by the managerial at-

tention required for implementing a recommendation.  To address this we include an indicator variable Hij 

for whether recommendations require high or low managerial attention: 

Yij
* 
= α + Mij*β + Vij*γ + Tij*ρ  + Sij*ζ + Nj*η + Hij*ω + Cj*χ + εij                  (5a) 

 Sij = Mij* Πβ + Vij* Πγ + Tij* Πρ + Nj* Πη + Hij* Πω + Cj* Πχ + Ij* Πω + νij                (5b) 

We use the same approach as for models (4a) and (4b) to evaluate models (5a) and (5b) but restrict 

our analyses to recommendations which were clearly identified as requiring either high or low managerial 

attention. The results in Table 6 show that the coefficient of serial position is negative and significant at 

p<0.001 across all models providing further support for Hypothesis 1.  

Our results so far are consistent with an earlier-is-better bias. This may be in part because decision-

makers find it challenging to evaluate multiple recommendations on various attributes and instead adopt a 

simplifying heuristic of looking at the sequence. Tversky et al. (1988) point out that decision makers may 

find it difficult to trade off one attribute against another when they evaluate alternatives on multiple at-

tributes, and instead may resolve conflict by selecting alternatives superior on the most important attrib-

ute. In the context of the IAC program, the economic characteristics of a recommendation can be consid-

ered as the most important attribute considered by the decision makers (A&N). Often firms and decision 

makers have well defined criteria on economic characteristics, such as implement projects with payback 

period less than 3 years. Such well-defined preferences are similar to the ideal point as defined by Cher-

nev (2003a, 2003b). If the variation in the economic characteristics of recommendations in an assessment 
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is low, then the decision maker still faces the cognitive challenge of choosing between similar options. By 

contrast, if variation in economic characteristics of recommendations in an assessment is high, then the 

decision maker faces the cognitively simpler task of choosing amongst dissimilar options. The reduced 

cognitive requirements in such situations will lower the impact of behavioral factors (such as looking at 

the sequence) on adoption. We use the coefficient of variation of payback within an assessment as an in-

dicator of how distinct the recommendations are, and predict that assessments with a higher coefficient of 

variation will display weaker serial position effects. We examine this in two ways. First we split the sam-

ple into four quartiles by coefficient of variation of payback. For each group, we estimate the “Cost-

Benefit” models (4). The results in Table 7 show that the magnitude and significance of serial position 

decreases as the payback of the recommendations is more widely dispersed. E.g., in model (1) of Table 7 

the coefficient of serial position is -0.1820 and significant at p<0.001 while in model (4) the coefficient of 

serial position has a lower magnitude of -0.0536 and is not significant. Second, we include an interaction 

term between the serial position and the coefficient of variation of payback in the “Cost-Benefit” models 

(4), resulting in models (5) and (6) of Table 7.  In the Interaction Model (6) the coefficient of the interac-

tion term is positive and significant at p<0.001which indicates that the impact of serial position is mitigat-

ed for assessments which have higher coefficient of variation of payback.   

Mantonakis et al. (2009) predict that longer sequences will display a recency effect when the deci-

sion-maker can select one option, as an item seen earlier will have to beat more alternatives in order to be 

the overall winner than an item seen later. Given that our decision-makers can choose multiple options 

and can spend more time going back and forth through the list, we did not expect to find a recency effect 

in our context. We did check by including indicator variables for the last few (up to three) recommenda-

tions in an assessment, but find no evidence to support recency effects. (These results are available in Ta-

ble III of the online supplement.) 

A potential concern related to Hypothesis 2 is that the effect of the number of recommendations is 

comingled with the serial position variable. To address this, we formed groups of all recommendations 

with the same serial position and estimated probit models of adoption rates within each group separately. 

The results in Table 8 show that the coefficient of the number of recommendations is not significant in all 

models, providing further evidence against Hypothesis 2.  Another mechanism which could have the same 

effect as choice overload is the presence of budget constraints. We do not observe the budgets for the 

firms assessed in the IAC program as their identity is kept confidential. Consequently, we use each firm’s 

four-digit SIC code to identify the average industry profitability and operating cash availability in the year 

in which the assessment was done, and use these as controls in our analysis. (These results are available in 

Tables IV and V of the online supplement.) Our results remain essentially the same, which suggest that 



17 

 

the impact of budget constraints may be distinct from that due to choice overload, though additional firm-

level data would be needed to truly assess the effect of budget constraints.  

5.  Implications of Results at a Portfolio Level 

Though we find compelling evidence that sequence affects adoption of individual recommendations, a 

priori it is not obvious how one should sequence a list of recommendations to maximize adoption at the 

portfolio level. On the one hand, the IAC could sequence recommendations with desirable economic 

characteristics earlier to increase their prospect of implementation, or on the other hand, the IAC could 

sequence recommendations with less attractive economic characteristic earlier to enhance their prospect 

of adoption assuming that recommendations with more attractive economic characteristics will be adopted 

anyway even if they appear at the end of the list. Our context involves two counteracting forces and their 

overall impact may depend on the specific assessment. To examine how the sequence of an entire list af-

fects adoption at the portfolio level, we consider five different sequencing rules, and use the natural varia-

tion in our data to identify assessments that obey one of them and investigate their overall adoption rates. 

We are not aware of any theory that predicts how the sequence of an entire list affects adoption at a port-

folio level. The portfolio management and capital budgeting literatures point out that, though there are 

many sophisticated techniques to select portfolios, in practice simpler rules based on NPV, Profitability 

Index, or Payback are used (e.g. Bierman and Smidt 2007, De Reyck et al. 2005). De Reyck et al. (2005) 

find that over 90% of firms used payback to assess projects in their portfolio management decisions, so 

we use increasing order of payback as one of our sequencing rules. Two other factors highlighted in those 

literatures are cash flow considerations and complexity of projects. Related to cash flow, we use increas-

ing order of costs and decreasing order of savings as two of our sequencing rules. Related to complexity, 

we look at two sequencing rules with all recommendations needing high or low managerial attention 

listed first. Our interviews with the eight IACs also suggested that the sequencing rules we examine are in 

line with some of the present practices. We also revisit the choice overload issue at the portfolio level. We 

examine the impact of the five sequencing rules and of the total number of recommendations on overall 

adoption at the portfolio level using the following model: 

Kj
 
= α + Pj*β + Nj*η + GHj*γ + GLj*κ + CVj*ρ + Lj*χ + ξj                                   (6) 

Here Kj is the ‘Knapsack Gap’ which measures adoption at the assessment level. It represents the de-

viation of total savings chosen from the maximum savings that could have been achieved without incur-

ring higher implementation costs. The ‘Knapsack Gap’ for assessment j is defined as 
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   . We do not claim that the knapsack-optimal solu-

tion is necessarily the firm’s best decision, but we believe that the ‘Knapsack Gap’ can serve as a proxy 

for how efficiently firms utilize their limited resources. The average ‘Knapsack Gap’ in our data is 11%. 

In model (6), Pj represents the vector of sequencing rules obeyed by assessment j. We use five in-

dicator variables to identify the sequencing rules each assessment obeys.  The indicator variable “As-

sessment with Increasing Payback” identifies assessments with recommendations listed in order of in-

creasing payback, where the recommendation with the lowest (fastest) payback is listed first and the one 

with the highest (slowest) payback is listed last. “Assessment with Increasing Costs” and “Assessments 

with Decreasing Savings” are defined analogously. There are 207 assessments with recommendations 

listed by increasing payback, 99 by increasing costs, and 1,567 by decreasing savings. The indicator vari-

able “High Managerial Attention on Top” identifies assessments where all recommendations that require 

high managerial attention are listed first, as occurs for 670 assessments, and “Low Managerial Attention 

on Top” is defined analogously, as occurs for 1,950 assessments.  

 The other variables in model (6)  include: Nj which represents the number of recommendations; GHj 

and GLj  that identify whether assessment j has recommendations that need high managerial attention and 

low  managerial attention respectively; CVj which is a vector with the coefficients of variation of costs 

and of savings to control for the variation in the financial characteristics of recommendations; the matrix 

Lj which includes controls for the sales, energy costs, number of employees, and the plant area; and ξj rep-

resents the error terms. We evaluated the impact of the five sequencing patterns individually and in vari-

ous logical combinations using model (6). We only present a selection of these combinations, but our re-

sults are consistent across the various analyses. The first uses the variable “Assessments with Increasing 

Payback” for the vector Pj; the second uses “Assessments with Increasing Costs” and “Assessments with 

Decreasing Savings” for Pj; the third combines the variables used in the first and second models; the 

fourth uses “High Managerial Attention on Top” and “Low Managerial Attention on Top” for Pj; the fifth 

includes all five sequencing rules. The results are shown in Table 9.   

In models (1), (3) and (5) of Table 9, the coefficient of “Assessment with Increasing Payback” is 

negative and significant at p<0.01. Firms that receive assessments with recommendations listed in order 
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of increasing payback choose options that are closer to the maximum energy savings achievable without 

incurring higher costs than other firms do. For the average firm in model (1), the ‘Knapsack Gap’ is 

8.09% when recommendations are listed by increasing payback which increases to 11.47% when 

recommendations are not listed by increasing payback. This suggests that listing recommendations with 

increasing payback can enhance savings realized by 3.38%. In 2005 the IAC program assessed 551 

facilities and recommended total annual savings of $89.9 million. Implementing an additional 3.38% of 

recommended savings would constitute an increase in annual savings of $3.04 million, without any 

additional investments. While one should of course be cautious about such extrapolations from our 

models, this does at least suggest that listing recommendations by increasing payback might significantly 

enhance adoption of energy efficiency initiatives.  

The coefficient of “High Managerial Attention on Top” is positive and significant at p<0.001 in 

models (4) and (5) of Table 9, which indicates that overall adoption is lower when recommendations 

needing higher managerial attention are listed upfront. The other sequencing rules have no effect on 

overall adoption rates. Overall, these analyses at the portfolio level suggest that how recommendations are 

sequenced can have a significant impact on the overall adoption of energy efficiency initiatives. 

The coefficient of “Number of Recommendations” is positive and significant at p<0.001 in all 

models of Table 9. If more recommendations are listed, firms will deviate further from the knapsack-

optimal choices, and adopt a lower proportion of savings identified. In model (1), adding another average 

recommendation to an assessment reduces the recommended annual savings adopted by 1.11%.The latter 

does not mean that firms adopt less absolute savings, but, combined with our earlier observation that an 

individual recommendation is not less likely to be adopted if it is part of a longer list, it appears that firms 

faced with a longer list may gravitate more towards smaller recommendations rather than the most 

profitable ones. These results are consistent with choice overload while excluding the impact of budget 

constraint. However, the magnitude of the coefficient suggests that the overall effect is limited.  

6. Discussion and Limitations 

In this paper we investigate whether the sequence in which recommendations are presented and their total 

number influence the adoption of energy efficiency initiatives made to small- and medium-sized 

manufacturing firms. We find that recommendations which appear earlier in a list have higher adoption 

rates than recommendations which appear later. Taking a portfolio perspective, we find that overall 

adoption rates are higher for assessments where recommendations are listed by increasing payback, and 

are lower when recommendations that require higher managerial attention are listed first. The total 

number of recommendations has a mixed effect: we do not find any evidence for choice overload on 
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adoption of individual recommendations, but increasing the total number of recommendation has a 

modest adverse impact at the assessment level.  

The magnitude and consistency with which we find the order effects are especially interesting. 

Moving a recommendation one position down the list in an average assessment has an impact similar to 

increasing its costs by at least 17% (as seen in our exogenous models, and more in the endogenous 

models). Given the large impact of the sequence effect on adoption of individual recommendations and of 

the entire portfolio, our results suggest that IACs should pay particular attention on how 

recommendations are sequenced in an assessment.  

Our research contributes to the OM and energy efficiency literatures by identifying a significant new 

behavioral factor that influences how managers respond when given a list of recommendations. Organiza-

tions such as the IAC and other government agencies could leverage our results to structure recommenda-

tions to increase uptake. Our research could also be relevant for firms, with complex supply chains, who 

may use external audit firms to drive operational changes in their supply chains. For instance, Philips 

deals with over 10,000 component suppliers and uses external audit firms to evaluate the sustainability 

performance of their supply chain partners once every 3 years (Philips 2011). The audit firms provide 

specific recommendations on how supply chain partners can improve their sustainability performance. 

Philips could directly induce supply chain partners through monetary incentives or other economic means 

to implement key recommendations. However, given the complexity of the supply chain, the audit pro-

cess yields numerous recommendations and the implementation of many recommendations often gets left 

to the supplier’s discretion.  Managers in such firms could leverage our findings to induce suppliers to 

achieve higher sustainability performance. Similarly many nonprofit organizations, such as ‘Fair Labor 

Association’ (FLA), ‘Electronic Industry Citizenship Coalition’, etc., often assess operational practices 

and provide reports with lists of recommendations to firms (for e.g. see FLA (2012) for a report on the 

assessment of the Nestlé cocoa supply chain in Ivory Coast). Our research can also be relevant for such 

nonprofit organizations. Though our results may have implications which extend beyond the specific con-

text of energy efficiency, we believe additional testing is essential before extrapolating our results to other 

contexts. 

Using field data rather than controlled experiments has many benefits, but also some inevitable 

limitations. We could not include firm-level profits and cash availability, as the identity of the firms in the 

IAC database is confidential. We conducted several additional robustness checks. First, we use each 

firm’s four-digit SIC code to identify the average industry level profitability and operating cash 

availability for the year in which the assessment was done, and used these as controls. Our results did not 

change. Another alternative explanation is that firms might plan to adopt all recommendations but decide 

to do so in the sequence in which they are presented. Hence, when the IAC contacts them within two 
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years to check on the implementation status, they would have only implemented those recommendations 

which appeared earlier in the assessment. This does not invalidate our findings as it would still imply that 

firms use the sequencing of recommendations to guide their decisions rather than just their merits. Despite 

our robustness checks, no single study, especially with field data, can rule out all alternative explanations. 

We hope our work will stimulate further work on the role of sequencing using both field and lab 

experiments. E.g., following the rich tradition of experiments based on the newsvendor model, one can 

envision an equally rich set of experiments on variations of the knapsack problem. 
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Figure 1: Adoption Rate vs. Serial Position of Recommendation in the Assessment 

 
A drop in adoption rates of over 13% is observed between recommendations which occur in the 1

st
 vs. 

15
th
 position in an assessment. 

 

Figure 2: Adoption Rate vs. Number of Recommendations in an Assessment 

 

On average, approximately half of the recommendations are implemented irrespective of the number of 

recommendations made to a firm (except for assessments with a single recommendation).  
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Table 1: Descriptive Statistics 

 

 
Note: Statistics are based on data for the 89,299 recommendations, representing 12,269 assessments. 

Monetary figures are in 2006 US Dollars. 

* Adopted =1 if the recommendation is implemented and 0 otherwise 

** Data is missing and coded as 0 for: 1) Annual Sales (745 records), 2) Employees (101 records) and 3) Annual 

Energy Costs (37 records). All the analysis has also been done by removing the missing data and the results of the 

study are still valid.  

*** Data for 2,017 assessments are not used for these analyses as no recommendations were implemented. All the 

analyses have been done by including these data and the results of the study are still valid.  

 
 

Table 2: Correlations  

 

 
 

Note: * Adopted =1 if the recommendation is implemented and 0 otherwise 
  

Variable Mean S.D Minimum Maximum Number

Adopted* 0.5016 0.50 0 1 89,299

Payback (years) 1.06 1.29 0 9 89,299

Implementation Cost (US$) 19,117.74 237,804.30 0 34,643,628 89,299

Annual Savings (US$) 17,790.80 113,238.70 1.12 8,519,905 89,299

Number of Recommendations 8.37 3.03 1 29 89,299

Serial Position 4.69 2.97 1 29 89,299

Annual Sales (US $) 30,961,110 26,361,626 0** 155,426,368 89,299

Employees 164.27 139.59 0** 3,200 89,299

Annual Energy Cost (US$) 628,994 1,054,627 0** 33,914,308 89,299

Knapsack Gap 0.11 0.18 0 0.90       10,232***

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

(1) Adopted* 1.00

(2) Payback (years) -0.13 1.00

(3) Implementation Cost (US$) -0.04 0.12 1.00

(4) Annual Savings (US$) -0.04 0.00 0.54 1.00

(5) Number of Recommendations 0.00 -0.05 0.00 0.01 1.00

(6) Serial Position -0.04 -0.01 -0.01 0.00 0.51 1.00

(7) Annual Sales (US $) -0.01 -0.01 0.04 0.07 0.08 0.04 1.00

(8) Employees -0.01 -0.01 0.01 0.04 0.08 0.04 0.50 1.00

(9) Annual Energy Cost (US$) -0.01 -0.01 0.11 0.16 0.10 0.05 0.33 0.25 1.00

(10) Knapsack Gap -0.01 -0.03 -0.02 -0.01 0.13 0.06 0.02 0.02 -0.01 1.00

 Correlations
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Table 3: Select List of Recommendations that Need Low or High Managerial Attention 

 

  

ARC Code Description of Recommendations that Need Low Managerial Attention

2.7142 Utilize Higher Efficiency Lamps And/or Ballasts

2.4236 Eliminate Leaks In Inert Gas And Compressed Air Lines/ Valves

2.4221 Install Compressor Air Intakes In Coolest Locations

2.4111 Utilize Energy-efficient Belts And Other Improved Mechanisms

2.2511 Insulate Bare Equipment

2.4231 Reduce The Pressure Of Compressed Air To The Minimum Required

2.7143 Use More Efficient Light Source

2.7135 Install Occupancy Sensors

2.1233 Analyze Flue Gas For Proper Air/fuel Ratio

2.7261 Install Timers And/or Thermostats

ARC Code Description of Recommendations that Need High Managerial Attention

2.1311 Replace Electrically-Operated Equipment With Fossil Fuel Equipment

2.4141 Use Multiple Speed Motors or AFD for Variable Pump, Blower and Compressor Loads

2.2434 Recover Heat from Air Compressor

2.1123 Install Automatic Stack Damper

2.2411 Use Waste Heat from Hot Flue Gases to Preheat Combustion Air

2.2531 Re-size Charging Openings Or Add Movable Cover Or Door

2.1222 Install Turbulators

2.4131 Replace Over-size Motors And Pumps With Optimum Size

2.3415 Use A Fossil Fuel Engine To Cogenerate Electricity Or Motive Power; And Utilize Heat

2.5194 Redesign Process
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Table 4: Instrumental Variables Probit Estimates of Adoption of Recommendations  

 
Notes: Data pertains to recommendations made by IAC centers from 1981-2006. Estimation method is Maximum Likelihood. Standard errors are 

clustered at the assessment level and reported using robust clustered variance covariance matrix. 1 IAC center and its 12 related recommendations 

were dropped from the full sample as all the recommendations were not adopted. 13,187 recommendations were dropped as they have payback 

equal to zero and the logarithmic form for payback is not defined. Including these recommendations in a model without logarithmic transfor-

mation does not change the inferences we derive from this model. The IV Probit models use instrumental variables to instrument the serial posi-

tion of a recommendation (using sequence generated based on the ARC manual and the propensity with which each IAC makes recommenda-

tions). 

Probit IV Probit Probit IV Probit

ln(Payback) -0.1483 *** -0.1043 ***

(0.006) (0.015)

ln(Payback)^2 -0.0167 *** -0.0147 ***

(0.002) (0.002)

ln(Cost) -0.1643 *** -0.1445 ***

(0.007) (0.009)

ln(Cost)^2 -0.0097 *** -0.0082 ***

(0.001) (0.001)

ln(Saving) 0.0796 *** 0.0156

(0.008) (0.014)

ln(Saving)^2 -0.0009 0.0023

(0.002) (0.002)

Serial Position -0.0207 *** -0.1720 *** -0.0268 *** -0.1488 ***

(0.002) (0.036) (0.002) (0.022)

Number of Recommendations 0.0478 + 0.6588 *** 0.0685 ** 0.5576 ***

(0.025) (0.146) (0.025) (0.091)

Variance of Payback -0.0791 *** -0.1209 *** -0.0657 *** -0.0755 ***

(0.008) (0.012) (0.007) (0.007)

Sales -0.0023 -0.0001 0.0066 0.0236 +

(0.014) (0.013) (0.014) (0.014)

Energy Costs -0.0077 -0.0025 0.0024 0.0155 **

(0.005) (0.005) (0.005) (0.006)

Employees 0.0000 0.0000 0.0000 0.0001

(0.000) (0.000) (0.000) (0.000)

Assessment in 1st Quarter 0.0386 + 0.0415 * 0.0385 + 0.0405 *

(0.021) (0.020) (0.021) (0.021)

Assessment in 2nd Quarter 0.0213 0.0236 0.0217 0.0244

(0.020) (0.019) (0.020) (0.020)

Assessment in 3rd Quarter 0.0153 0.0222 0.0166 0.0232

(0.022) (0.020) (0.022) (0.021)

Constant 0.2521 0.5816 + -0.8829 + 0.4745

(0.311) 0.334 (0.458) (0.336)
Other Controls

5 2 22 9

38 35 38 34

0 0 0 0

0 0 0 0

Observations 76070 76070 76070 76070

Firms (Assessments) 12236 12236 12236 12236

Log-PseudoLikelihood -49737 *** -224636 *** -49658.7 *** -221033 ***

Exogeneity Wald Statistic - 14.48 26.78

+ p< 0.1, * p<0.05, ** p<0.01, *** p<0.001 ; standard errors are in parantheses

Dependent Variable : Adopted (equals 1 if recommendation is implemented, 0 otherwise)

Recommendation Type (No. significant at 

p<0.05 out of 25 recommendation types)

IAC Centers (No. significant at p<0.05 out 

of 45 IAC centers)

Years (No. significant at p<0.05 out of 26 

Years)

SIC Code (No. significant at p<0.05  of 20 

groupings of 2 digit SIC Codes )

Payback Models Cost-Benefit Models
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Table 5: Probit Estimates of Adoption of Recommendations with Same 3- or 4-Digit ARC Code 

 

 
 

Notes: Data pertains to recommendations made by IAC centers from 1981-2006. Estimation method is Maximum Likelihood. Standard errors are 

clustered at the assessment level and reported using robust clustered variance covariance matrix. 3(4) Digit ARC match represents analyses for 
recommendations that have the same 3 (4) digit ARC within an assessment. “Relative Serial Position – (for matched Recommendations)” indi-

cates recommendations matched on 4 digit ARC such that the matched recommendation appearing later in the assessment has lower implementa-

tion costs and higher savings as compared to the matched recommendation appearing earlier in the assessment.  
  

Payback Cost-Benefit Payback Cost-Benefit Payback Cost-Benefit

(1) (2) (3) (4) (5) (6)

ln(Payback) -0.1549 *** -0.1496 *** -0.1327          

(0.013) (0.018) (0.085)          

ln(Payback)^2 -0.0236 *** -0.0161 ** -0.0271          

(0.004) (0.005) (0.025)          

ln(Cost) -0.2121 *** -0.2162 *** -0.3737 **

(0.017) (0.023) (0.128)

ln(Cost)^2 -0.0196 *** -0.0186 *** -0.0541 **

(0.003) (0.004) (0.019)

ln(Saving) 0.0820 *** 0.1110 *** -0.0347

(0.018) (0.024) (0.091)

ln(Saving)^2 0.0027 0.0048 -0.0437 *

(0.003) (0.005) (0.020)

Serial Position -0.0199 *** -0.0277 *** -0.0146 * -0.0219 **

(0.004) (0.005) (0.006) (0.007)
-0.251 * -0.2715 **

(0.099) (0.101)

Number of Recommendations 0.0065 0.0320 -0.0236 0.0004 -0.5251 * -0.5521 *

(0.044) (0.044) (0.062) (0.063) (0.262) (0.264)

Variance of Payback -0.1616 *** -0.1430 *** -0.0982 ** -0.0798 * -0.1048 -0.048

(0.021) (0.021) (0.035) (0.035) (0.162) (0.164)

Sales 0.0257 0.0365 0.0405 0.0501 0.2911 0.2733

(0.024) (0.024) (0.034) (0.034) (0.191) (0.195)

Energy Costs -0.0008 0.0062 -0.0055 0.0005 -0.0174 0.0248

(0.008) (0.009) (0.011) (0.011) (0.055) (0.057)

Employees -0.0001 -0.0001 0.0000 0.0000 -0.0002 -0.0001

(0.000) (0.000) (0.000) (0.000) (0.001) (0.001)

Constant 0.4826 0.4716 1.1208 -1.7255 *** 0.375 1.778

(1.077) (1.097) (0.926) (0.492) (1.496) (1.569)

Other Controls

Recommendation, IAC, Year, SIC, 

Quarter Yes Yes Yes Yes Yes Yes

Observations 16664 16664 7987 7987 482 482

Log-PseudoLikelihood -10826 *** -10792 *** -5167.14 *** -5147.14 *** -259.16 -250.62

 * p<0.05, ** p<0.01, *** p<0.001 ; standard errors are in parantheses

Dependent Variable : Adopted (equals 1 if implemented, 0 otherwise)

Dominant 

Recommendations Later 

for 4 Digit ARC Match

Relative Serial Position  - 

            (for matched Recommendations)

3 Digit ARC Match 4 Digit ARC Match
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Table 6: Instrumental Variables Probit Estimates of Adoption of Recommendations – (Only For 

Recommendations Classified as Requiring Low or High Managerial Attention for Adoption) 

 

Notes: Data pertains to recommendations made by IAC centers from 1981-2006. Estimation method is Maximum Likelihood. Standard errors are 

clustered at the assessment level and reported using robust clustered variance covariance matrix. The IV Probit models use instrumental variables 

to instrument the serial position of a recommendation (using sequence generated based on the ARC manual and the propensity with which each 

IAC makes recommendations). 

Probit IV Probit Probit IV Probit

ln(Payback) -0.1261 *** -0.0653 ***

(0.007) (0.016)

ln(Payback)^2 -0.0127 *** -0.0110 ***

(0.002) (0.002)

ln(Cost) -0.1586 *** -0.1282 ***

(0.010) (0.014)

ln(Cost)^2 -0.0113 *** -0.0081 ***

(0.002) (0.002)

ln(Saving) 0.1021 *** 0.0098

(0.011) (0.027)

ln(Saving)^2 0.0000 0.0004

(0.002) (0.002)

Serial Position -0.0268 *** -0.2141 *** -0.0266 *** -0.1608 ***

(0.002) (0.035) (0.003) (0.034)

Number of Recommendations 0.0588 * 0.7760 *** 0.0581 * 0.5680 ***

(0.028) (0.136) (0.029) (0.129)

Variance of Payback 0.0091 -0.0658 *** 0.0141 -0.0145 ***

(0.009) (0.017) (0.009) (0.012)

Sales 0.0113 0.0170 0.0111 0.0341 *

(0.016) (0.014) (0.016) (0.016)

Energy Costs -0.0052 0.0006 -0.0032 0.0130 +

(0.006) (0.005) (0.006) (0.008)

Employees 0.0000 0.0000 0.0000 0.0001

(0.000) (0.000) (0.000) (0.000)

Assessment in 1st Quarter 0.0190 0.0213 0.0194 0.0211

(0.025) (0.022) (0.025) (0.024)

Assessment in 2nd Quarter 0.0104 0.0167 0.0111 0.0176

(0.024) (0.022) (0.024) (0.023)

Assessment in 3rd Quarter -0.0036 0.0015 -0.0027 0.0022

(0.025) (0.023) (0.025) (0.024)

High Managerial Attention -0.5644 *** -0.4744 *** -0.5446 *** -0.4551 ***
(0.027) (0.041) (0.028) (0.041)

Constant -0.3807 1.3103 -0.6335 -0.0605
(0.432) (0.951) (0.382) (0.445)

Other Controls

Recommendation Type (No. significant at 

p<0.05 out of 25 recommendation types) 14 0 15 6

IAC Centers (No. significant at p<0.05 out 34 34 34 34

Years (No. significant at p<0.05 out of 26 

Years) 3 6 4 4

SIC Code (No. significant at p<0.05  of 20 

groupings of 2 digit SIC Codes ) 0 0 0 0

Observations 50033 50033 50033 50033

Firms (Assessments) 12055 12055 12055 12055

Log-PseudoLikelihood -32388 -145948 -32365.9 -143182

Exogeneity Wald Statistic - 20.37 13.79

+ p< 0.1, * p<0.05, ** p<0.01, *** p<0.001 ; standard errors are in parantheses

Dependent Variable : Adopted (equals 1 if recommendation is implemented, 0 otherwise)

Payback Models Cost-Benefit Models
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Table 7: Instrumental Variables Probit Estimates of Adoption of Recommendations for Grouping 

by Coefficient of Variation of Payback and for interaction of Serial Position with Coefficient of 

Variation of Payback 

 
Notes: Data pertains to recommendations made by IAC centers from 1981-2006. Estimation method is Maximum Likelihood. Standard errors are 

clustered at the assessment level and reported using robust clustered variance covariance matrix. The assessments are divided into four groups 

based on Coefficient of Variation of Payback. Model (1) represents assessments with lowest Coefficient of Variation of Payback  and Model (4) 

represents assessments with highest Coefficient of Variation of Payback. Model (5) represents the main effects model while Model (6) represents 

the interaction effect model. The models use instrumental variables to instrument the serial position of a recommendation (Using sequence gener-

ated based on the ARC manual and the propensity with which each IAC makes recommendations).  

smallest highest

(1) (2) (3) (4) (5) (6)

ln(Cost) -0.1408 *** -0.1299 *** -0.1308 *** -0.1171 *** -0.1456 *** -0.1181 ***

(0.0149) (0.0138) (0.0125) (0.0104) (0.0086) (0.0128)

ln(Cost)^2 -0.0079 *** -0.0076 *** -0.0075 *** -0.0071 *** -0.0081 *** -0.0069 ***

(0.0009) (0.0008) (0.0008) (0.0006) (0.0011) (0.0012)

ln(Saving) -0.0048 -0.0110 0.0469 0.0160 0.0161 -0.0167

(0.0226) (0.0255) (0.0284) (0.0257) (0.0144) (0.0157)

ln(Saving)^2 0.0014 0.0051 0.0055 -0.0007 0.0023 0.0054

(0.0027) (0.0027) (0.0028) (0.0027) (0.0016) (0.0016)

Serial Position -0.1820 *** -0.1690 *** -0.0911 -0.0536 -0.1504 *** -0.4171 ***

(0.0337) (0.0386) (0.0476) (0.0449) (0.0220) (0.0452)

Coefficient of Variation of Payback -0.0113 -0.6619 ***

(0.0065) (0.0766)

0.1450 ***

(0.0173)

Number of Recommendations 0.7908 *** 0.6412 *** 0.3071 0.1825 0.5695 *** 0.7308 ***

(0.1423) (0.1656) (0.1949) (0.1860) (0.0903) (0.0769)

Variance of Payback -0.0489 *** -0.0784 *** -0.0952 *** -0.1178 *** -0.0756 *** -0.0847 ***

(0.0125) (0.0141) (0.0155) (0.0129) (0.0074) (0.0069)

Sales 0.0364 -0.0065 -0.0050 0.0282 0.0238 0.0367 **

(0.0262) (0.0260) (0.0264) (0.0261) (0.0135) (0.0126)

Energy Costs 0.0143 0.0206 0.0201 0.0017 0.0162 ** 0.0179 ***

(0.0098) (0.0154) (0.0136) (0.0085) (0.0057) (0.0053)

Employees 0.0000 0.0003 * 0.0001 -0.0002 0.0001 0.0001

(0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.0001)

Assessment in 1st Quarter 0.0894 * 0.0241 -0.0053 0.0101 0.0402 * 0.0435 *

(0.0401) (0.0404) (0.0397) (0.0395) (0.0205) (0.0189)

Assessment in 2nd Quarter 0.0162 0.0794 -0.0109 -0.0169 0.0242 0.0222

(0.0386) (0.0393) (0.0382) (0.0384) (0.0197) (0.0183)

Assessment in 3rd Quarter 0.0348 0.0217 0.0115 -0.0110 0.0231 0.0228

(0.0398) (0.0407) (0.0405) (0.0414) (0.0207) (0.0188)

Constant 0.4121 -0.3921 -3.4948 -1.1903 0.3890 1.2123 ***

(0.5523) (0.7161) (2.4512) (0.7951) (0.3050) (0.2921)

Other Controls

Recommendation Type Yes Yes Yes Yes Yes Yes

IAC Centers Yes Yes Yes Yes Yes Yes

Years Yes Yes Yes Yes Yes Yes

SIC Code Yes Yes Yes Yes Yes Yes

Observations 22464 22236 22158 22239 76052 76052

Log-PseudoLikelihood -63189 *** -64699 *** -65546 -65076 *** -220976 *** -191107 ***

Exogeneity Wald Statistic 16.73 11.83 1.65 0.63 27.95 38.22

* p<0.05, ** p<0.01, *** p<0.001 ; standard errors are in parantheses

Groups by Coefficient of Variation of Payback

Serial Position * Coefficient of 

                        Variation of Payback

Interaction 

Model

Main Effect 

Model

Dependent Variable : Adopted (equals 1 if recommendation is implemented, 0 otherwise)

Cost-Benefit Models
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Table 8: Probit Estimates of Adoption of Recommendations – Grouped by Serial Position of Rec-

ommendations  

 

Notes: Data pertains to recommendations made by IAC centers from 1981-2006. Estimation method is Maximum Likelihood. Standard errors are 

clustered at the assessment level and reported using robust clustered variance covariance matrix.  

1 3 5 7 9 11

ln(Cost) -0.1725 *** -0.1914 *** -0.2033 *** -0.1880 *** -0.1349 *** -0.1398 ***

(0.015) (0.021) (0.024) (0.026) (0.036) (0.052)

ln(Cost)^2 -0.0116 *** -0.0122 *** -0.0155 *** -0.0137 *** -0.0025 0.0101

(0.003) (0.003) (0.004) (0.004) (0.006) (0.008)

ln(Saving) 0.0710 *** 0.1144 *** 0.1277 *** 0.0817 ** 0.0348 0.0181

(0.017) (0.025) (0.025) (0.027) (0.034) (0.049)

ln(Saving)^2 -0.0021 0.0018 0.0080 0.0007 -0.0073 -0.0197 *

(0.004) (0.005) (0.005) (0.005) (0.006) (0.010)

Number of Recommendations 0.0196 0.0606 0.1011 0.0316 -0.0329 0.0135

(0.047) (0.046) (0.053) (0.070) (0.108) (0.187)

Variance of Payback -0.0904 *** -0.0738 *** -0.0722 *** -0.0397 -0.1192 ** -0.1462 *

(0.020) (0.020) (0.023) (0.024) (0.039) (0.061)

Sales 0.0157 0.0065 0.0246 0.0310 0.0544 0.1492

(0.026) (0.025) (0.027) (0.032) (0.048) (0.082)

Energy Cost 0.0283 ** 0.0032 -0.0114 -0.0020 -0.0155 -0.0641

(0.011) (0.010) (0.011) (0.013) (0.017) (0.033)

Employees 0.0001 -0.0001 0.0000 0.0000 -0.0001 -0.0001

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Assessment in 1st Quarter 0.0072 0.0581 0.0013 0.0642 0.0397 0.2517

(0.039) (0.039) (0.042) (0.052) (0.076) (0.126)

Assessment in 2nd Quarter 0.0143 0.0236 -0.0069 0.0649 0.0051 0.0816

(0.038) (0.038) (0.041) (0.050) (0.074) (0.119)

Assessment in 3rd Quarter -0.0031 0.0326 -0.0444 0.0468 0.1249 -0.0412

(0.039) (0.039) (0.042) (0.053) (0.078) (0.131)

Constant 0.5300 0.2870 -0.1260 0.4910 14.9760 6.7290

(0.731) (0.701) (0.630) (1.374) (11.801) (21.535)

Controls

Recommendation Type Yes Yes Yes Yes Yes Yes

IAC Centers Yes Yes Yes Yes Yes Yes

Year Yes Yes Yes Yes Yes Yes

Observations 10442 10418 9014 5940 2870 1158

Log-PseudoLikelihood -6468.9 *** -6743.5 *** -5880.4 *** -3869.6 *** -1819.5 *** -698.59 ***

* p<0.05, ** p<0.01, *** p<0.001; standard errors are in parantheses

Probit for groups with serial position 1, 3, 5, 7, 9, 11 respectively

Dependent Variable : Adopted (equals 1 if recommendation is implemented, 0 otherwise)
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Table 9: Estimation Results for OLS Models at Assessment Level for Knapsack Gap  

 

 
 

Notes: Data pertains to recommendations made by IAC centers from 1981-2006. Estimation method is Ordinary Least Squares. Standard errors 

reported are using robust clustered variance covariance matrix. Data for 2,017 assessments are not used for these analyses as no recommendations 

were implemented. All the analyses have been done by including these data and the results of the study are still valid.  The variables 

“Assessments with Increasing Payback”, “Assessments with Increasing Costs”, “Assessments with Decreasing Savings”, “High Managerial 

Attention on Top” and “Low Managerial Attention on Top” take a value of 1 for 297, 99, 1,567, 670, and 1,950 assessments respectively. 

(1) (2) (3) (4) (5)

Assessment with Increasing Payback -0.0338 ** -0.0334 ** -0.0336 **

(0.0116) (0.0117) (0.0116)

Assessments with Increasing Costs -0.0184 -0.0018 -0.0057

(0.0179) (0.0185) (0.0183)

Assessments with Decreasing Savings -0.0009 -0.0009 -0.0008

(0.0049) (0.0049) (0.0049)

High Managerial Attention on Top 0.0284 *** 0.0287 ***

(0.0085) (0.0085)

Low Managerial Attention on Top 0.0084 0.0086

(0.0048) (0.0048)

0.0086 * 0.0085 *

(0.0039) (0.0039)

-0.0097 -0.0126

(0.0207) (0.0207)

Number of Recommendations 0.0111 *** 0.0112 *** 0.0111 *** 0.0116 *** 0.0113 ***

(0.0007) (0.0007) (0.0007) (0.0007) (0.0007)

Coefficient of Variation by Costs -0.0405 *** -0.0401 *** -0.0405 *** -0.0408 *** -0.0412 ***

(0.0046) (0.0046) (0.0046) (0.0046) (0.0046)

Coefficient of Variation by Savings -0.0135 ** -0.0137 ** -0.0135 ** -0.0141 ** -0.0141 **

(0.0047) (0.0047) (0.0047) (0.0047) (0.0047)

Constant 0.0285 0.0266 0.0287 0.0244 0.0306

(0.0295) (0.0295) (0.0295) (0.0348) (0.0350)

Other Controls

Sales Yes Yes Yes Yes Yes

Energy Costs Yes Yes Yes Yes Yes

Employees Yes Yes Yes Yes Yes

Plant Area Yes Yes Yes Yes Yes

R-Square 0.0344 *** 0.0339 *** 0.0344 *** 0.0365 *** 0.0371 ***

Adjusted R-Square 0.0337 0.0330 0.0335 0.0354 0.0358

Number 10137 10137 10137 10137 10137

 * p<0.05, ** p<0.01, *** p<0.001 ; standard errors are in parantheses

Dependent Variable: Knapsack Gap

Assessment has High Managerial 

            Attention Recommendations

Assessment has Low Managerial 

            Attention Recommendations




