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Abstract This paper examines the effectiveness of joint decision making within 87 pairs

of buyer-supplier relationships in manufacturing. Joint decision making is an important at-

tribute of a more cooperative supply chain relationship that may ultimately result in a better

performance. Efficiency is modeled as a multiple criteria problem using Data Envelopment

Analysis (DEA). Inputs of five kinds of joint decision making activity are examined relative

to two measures of output based on the assessment of the buying firm. Three contingent con-

structs (product customization and innovation, media richness of the communication between

buyer and supplier, and continuity in the relationship) are then examined for their impact on

the relative performance of each pair. The implications for the management of supply chain

relationships and benchmarking of best practice are then discussed.

Keywords Data envelopment analysis . Supply chain management . Empirical studies

1. Introduction

A dominant theme in recent research on supply chain management has been the develop-

ment of buyer-supplier partnerships. A number of researchers (Miller and Shamsie, 1996;

Dyer, 1997; Doz and Hamel, 1998) have characterized successful partnership management

capabilities as a core competence required for competitiveness. Partnerships have been char-

acterized by the degree to which the dyad parties participate jointly in and take responsibility

for resolving problems. In addition, partners mutually agree upon equitably sharing the costs
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and benefits that accrue during the relationship (Heide and Miner, 1992; McCutcheon and

Stuart, 2000).

Firms choose the partnership approach to achieve a faster time to market for new product

and service development through concurrent design, long-term reductions in transaction costs

(Williamson and Ouchi, 1981; Walker and Poppo, 1991; Hartley and Choi, 1996), improved

process technology adoption (Johnston and Linton, 2000), improvements in conformance

quality, risk reduction, and reductions in capital investments (Lado, Boyd, and Hanlon, 1997).

Partnership sourcing, when appropriately used (Bensaou, 1999), may lead to improvements in

financial performance measures such as return on investment, net income and return on sales

(Carr and Pearson, 1999), and operating performance measures such as on-time delivery and

responsiveness (Stanley and Wisner, 2001). Of the three critical components to a supply chain

strategy (i.e., information flows, product flows and relationship management), Handfield and

Nichols (1999), describe relationship management as “perhaps the most fragile and tenuous”

(p. 10).

Despite the great interest in supply chain partnerships, however, the authors are not aware

of any research in the field of operations management that measures relationships’ coopera-

tive activities along with their associated outcomes, or relates to the outcomes the influence

of contingent variables unique to each supplier and buyer. We do point out that in an earlier

paper by Kleinsorge, Schary, and Tanner (1992), customer-supplier relationships for a single

carrier over several months are examined. As well, Narasimhan, Talluri, and Mendez (2001),

use normalized data to address similar relationships in a DEA model. These earlier stud-

ies, however, fail to adequately address “quality” issues. Moreover, while most researchers

concerned with relationship management have investigated the effectiveness of actions, the

above two studies seem to be the only ones that so far have established how efficient those

actions are in terms of their resource use, or related them to the outcomes achieved. To our

knowledge, this paper is the first one to attempt this by modeling Likert scale data in a direct

sense, treating it properly as ordinal rather than numerical.

In this paper we propose a model for measuring an important aspect of cooperative buyer-

supplier partnerships: joint decision making. Joint decision making is one of the most so-

phisticated forms of information exchange, requiring high levels of trust and transparency.

The joint decision making process typically involves the maintenance of an information flow,

the assignment of resources, problem solving, the preparation of detailed activity reports,

interorganizational strategic decision-making, and the preparation of future plans (Gulati,

Khanna, and Nohria, 1994). Our model measures the outcome of joint decisions based upon

Data Envelopment Analysis (DEA) as per Charnes, Cooper and Rhodes (1978). For each

partnership, DEA establishes an efficiency rating reflecting the multiple inputs and outputs

relevant to the “decision making unit” (DMU). The efficiency rating of a DMU is established

relative to those of the other members of the data set.

In this context, we define efficiency as the ratio of outputs and inputs, effectiveness as

the magnitude of outputs. In a supply chain context inputs may be the effort expended for

making joint decisions, output the effect these decisions have on the system, including the

development of new or customized products and the satisfaction of the supply chain partners.

The paper is structured as follows. In the next section we discuss efficiency in joint decision

making in more detail, and introduce the variables we have used to measure it, as well as

contingent variables relevant to the problem. We develop a set of hypotheses relating to the

effects of the latter on a dyad’s efficiency. A discussion of the methodologies employed is

provided in Section 3. We then present our results in terms of the efficiency ratings and the

impact of the contingent variables on efficiency in the supply relationships. We conclude

with a discussion of the findings.
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2. The efficiency of joint decision making

In this section we discuss the variables used in the DEA model as well as the contingent

variables that are expected to impact the efficiency of buyer-supplier relationships. First, we

discuss the role of joint decision making in supply chain cooperation, and how we assess joint

decision making performance. Finally, we present our hypotheses regarding the contingent

variables impacting the efficiency of the supply chain relationships.

2.1. Measuring the role of joint decision making in supply chain cooperation

Like most joint actions between a supplier and manufacturer, joint decision making is a form

of non-equity governance agreed upon by both parties to pursue their mutual interests without

the cost of direct ownership of the activity (Joshi and Stump, 1999). Prior research on supply

chain cooperation has focused on effective communication and information transparency

(Krause and Ellram, 1997; Corbett, Blackburn and Wassenhove, 1999; Krause, 1999). Coop-

erative behavior between two firms has been shown as being increasingly important in new

technology development because of the rapidly increasing complexity and costs associated

with keeping these activities in-house (Sakakibara, 1993; Iansiti and MacCormack, 1997).

The following areas stand out as ones in which joint decision making is required:� Joint decision making about cost improvements, which is usually associated with procure-

ment activities (e.g., Dyer, 1996);� Joint collaborative planning initiatives, which have been reported to improve the perfor-

mance of order entry and delivery (e.g., Barrat and Oliveria, 2001);� Joint decision making involving the engineering departments of supply chain partners,

which has been shown to facilitate product design and redesign (e.g., Dyer, 1996); and� Joint decision making regarding quality and process improvement initiatives, which have

long been recognized as an area where joint decision making is required (e.g., Burt, 1989).

Since many buyer-supplier partnerships make joint decisions in all or a subset of these

areas, we have organized them into the following five categories of joint decision making

activities: cost improvement, order entry procedures, delivery schedules, product/service

design, and quality monitoring/improvement (for survey items, please see Appendix 1). As

these categories reflect activities whose execution consumes resources, they serve as inputs

to a DEA model used to rate the relationship’s efficiency.

The outcome of the joint decision making process (i.e., the output) is measured as the

satisfaction with the efforts as perceived by the purchasing organization. The buyer’s satisfac-

tion has a direct and indirect component. The direct effect of joint decision making activities

on satisfaction reflects whether the purchasing function’s core requirement for secure supply

with good quality at a good price is satisfied (Leenders et al., 2002). The indirect effect for the

buyer is a sign of whether the buyer’s internal customers (e.g., engineering and operations)

are satisfied with the outcomes, including the contribution of innovative solutions to their

problems. Any measure of joint decision making must accommodate a range of organiza-

tional objectives. Another advantage of using the purchaser’s satisfaction as an outcome is

that it captures the outcomes (such as the activities) at a sufficiently high level of mediation,

thus measuring the total scope of joint decision making. Lastly, the buyer’s perspective is

particularly relevant since s/he is frequently the initiator, arbiter and the final judge of how

to run the relationship and of its success.

The relationship’s performance is established by relating the inputs (the levels to which

buyers engage in joint decision making) to the outputs (the degree of satisfaction with the
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relationship). A DEA model establishes a dyad’s performance by deriving its efficiency

relative to those of the remaining dyads. Clearly, an efficiency rating could be computed by

simply dividing the outputs by the inputs. Such a simple model, however, would not take into

account the complexities of supply relationships, where different dyads operate in settings

and under conventions that may be quite different from another. In other words, the set of

inputs that work for one dyad may not work for another one. Using a variable returns to scale

DEA model (to be discussed below) allows us to derive efficiency ratings that, within limits,

weigh the inputs and outputs such that a dyad’s efficiency rating is maximized. Moreover,

the ability of a DEA model to handle multiple inputs and outputs in such a complex decision

making process provides a unique opportunity to measure a dyad’s performance. A DEA

provides a reasonable and intuitively compelling ranking of the most efficient implementers

of this supply chain practice.

2.2. Contingency variables impacting on joint decision making

Having derived the efficiency of joint decision making relationships, the next step is to

identify which contingent variables significantly impact a dyad’s performance. We have

selected variables from three constructs that are frequently cited in the operations, inter-

organizational and information systems management literature as impacting relationships

between organizations: the degree of product customization and innovation (e.g., Cusomano

and Takeishi, 1991), the mode of communication between the supply chain partners (e.g.,

Dyer, 1996), and the maturity of the partnership (e.g., Heide and John, 1990). To establish

the link between performance and the variables relating to these three issues, the efficiency

ratings from the DEA model are used as a dependent variable, with the contingent variables

as predictors.

In the remainder of this section we present our hypotheses for testing each construct. It

should be noted that much of the literature on the relationship between contingency variables

and collaborative activities between suppliers and buyers is concerned with the effective-
ness of outcomes, whereas we are examining efficiency. While effectiveness and efficiency

both consider the outcomes of activities, effectiveness measures neglect to consider the ef-

fort needed to achieve these outcomes. Hence, it is impossible to predict whether effective

outcomes are efficient or inefficient. Efficiency, however, is needed if the firm is to remain

competitive and ensure its long-term survival, thus underscoring the importance of this in-

vestigation.

2.2.1. Product customization and innovation

Hayes and Wheelwright (1984) and Utterback (1994) presented dynamic models linking the

product and process life cycles, showing how products and processes change over time from

being customized to standardized. During the early stages of a product life cycle, emphasis

is usually placed on effectiveness (i.e., designing and producing a good product) and speed

to ensure the firm can enjoy the benefits associated with being a pioneer in the market,

including higher margins due to the lack of competition (Utterback, 1994). In contrast,

efficiency becomes a focus later during the product life cycle, once competitors have entered

the marketplace and the need for standardization, economies of scale, and cost reduction

arises.

Mistakes are common during the early phase of the product life cycle when designs are

fluid and the level of standardization low. The increased level of joint decision making is

taxing on the purchasing department. Satisfaction may be negatively impacted by mistakes
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requiring rework and additional coordination. Hence, on balance, we expect customization

to have a negative effect on the efficiency of the buyer-supplier relationship. This reasoning

is summarized in the following hypothesis.

H1: The greater the customization of the products exchanged between buyer and supplier,

the lower the joint decision making efficiency.

Extending the above argument, we would expect a similar relationship between the level

of joint decision making and satisfaction for innovative products. Since innovative (in con-

trast to high-volume, off-the shelf) products commonly require investment in research and

development, we would expect to see expenditures for joint R&D, thus requiring joint deci-

sion making. The presence of R&D expenditures for both the purchaser and the supplier is

therefore used as a proxy for innovative activity. Therefore the following hypothesis:

H2: Partners that allocate joint R&D expenditures to the relationship are less likely to be

efficient at joint decision making

2.2.2. Maturity of the relationship

The evidence of the maturity of a relationship on its efficiency is conflicting. Ring and Van

de Ven (1994) argue that continuity over time in interorganizational relationships reduces

uncertainties in the relationship, facilitates problem solving, and supports the use of long-

term performance measures. Lambe, Spekman and Hunt (2000), have shown that a lengthy

relationship may also lead to satisfaction with the cooperation among the partners. These

outcomes would increase the relationship’s efficiency. In contrast, a longer relationship may

also result in an increased number of personnel and interactions (Lambe, Spekman and Hunt,

2000), thus potentially decreasing the efficiency of the relationship. On balance, however,

we would expect that the partners in a mature (as opposed to an evolving) relationship

will have established routines and stylized interactions, e.g., through the introduction of

information systems or a substantial knowledge of each other’s needs and customs. Systems

to accommodate those will be in place. Therefore, we hypothesize that the efficiency of joint

decision making increases with the duration of the buyer-supplier relationship.

H3: The more mature the relationship between supplier and buyer, the more efficient the

joint decision making.

2.2.3. Communication

Collaboration in interorganizational relationships is often hampered by poor communication

(Dyer, Kale, and Singh, 2001). According to Amabile et al. (2001), organizations must set

up procedures such as communication and coordination processes for a collaboration. Not

all communication mechanisms, however, are equally effective or efficient. A continuum of

media richness has been proposed for various modern modes of communication ranging from

person to person meetings to standardized data transfer, such as electronic data interchange

(Trevino et al., 1990; Sitkin, Sutcliffe, and Barrios-Choplin, 1992).

Lengel and Daft (1988), found that a match must exist between the communication mode

and the degree routine of a task. They suggest that media rich communication, including

person-to-person, phone, fax or email contact, be used for non-routine, interactive, tasks

such as design changes or problem solving (Fig. 1). Highly structured and standardized

communication methods, including data transfer through computer networks and EDI, are

appropriate for routine communication such as replenishments orders or meeting invitations.
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Fig. 1 Match between media
richness, the degree of routine
and the mode of communication
(based on Lengel and Daft, 1988)

An inappropriate mode of communication can lead to a lower efficiency. Using a mode of

communication with a low degree of media richness in a non routine situation where a high

degree of ambiguity is present would likely lead to misinterpretation and rework to clarify

message content. Likewise, the use of person-to-person or email communication in a routine

situation where the same task is repeated the same way as in the past, such as replenishment

of MRO items, is clearly inefficient (e.g., McGrath and Hollingshead, 1993).

We can measure this match in two ways. First, we postulate that the relationship stage

between supplier and buyer is a measure of the level of routinization. The underlying as-

sumption is that, over time, the supplier and buyer have managed to codify and standardize

their interaction and it becomes routinized into their inter-firm processes (Ring and Van de

Ven, 1994). Hence, we expect that an evolving relationship requires a higher degree of media

richness than a mature relationship, and vice versa. Coding the data, if this was the case,

we classified the dyad as a match. Dyads were classified as a mismatch if they exhibited an

evolving relationship, combined with low media richness, or a mature relationship combined

with high media richness.

A second proxy of routinization is the level of product standardization. As products

and services mature the amount of activity required to drive innovation should diminish

(Utterback, 1994). Standardized products can be managed using structured communication

methods while customized products typically require a high degree of media richness to be

appropriately described and configured. Following the same logic as described above, we

determined for each dyad whether the type of product matched the expected communication

mode. Based on this discussion we propose the following hypothesis.

H4: A match between the communication mode and degree of routinization leads to more

efficient joint decision making.

In the next section, we describe the sample of firms used for measuring our constructs as

well as the methodology employed for doing so.

3. Data and methodology

3.1. Data collection

The data set for this paper is a subset of a larger study of buyer–supplier cooperation (Kerwood,

1999). To assess cooperation, a questionnaire was mailed to purchasing managers included

in a sampling frame provided by a Canadian national purchasing and supply management

organization. The list contained names of individuals and their positions, randomly selected,

who were judged to be at a high enough organizational level to be involved in strategic supply
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decisions. A mail survey also asked the purchaser to identify the firm’s most cooperative

supplier and an appropriate recipient in that organization for a similar questionnaire. The

identified suppliers and purchasers were mailed the appropriate version of the questionnaire.

A total of 1,094 purchaser surveys were sent out, from which we obtained 270 usable

responses that identified matching supplier organizations, providing a response rate of 24.7%.

For the 270 supplier surveys that were mailed, 164 usable responses were received, for a

62.4% response rate. Of the useable responses, 87 dyads involved manufacturing firm buyers

(53%). The median size of the responding buying firm was 303 employees versus 275 for the

supplier. The median age of the relationship as reported by the buyer was 10 years. Therefore,

the sample was highly representative of medium sized firms that had done business with each

other for a number of years.

In this paper we use the data of the sample’s 87 manufacturing dyads. Responses from the

service and public sector were removed to control for the differences in the respective supply

policies (e.g., the public sector is rarely involved in joint R&D). The 87 manufacturers and

suppliers were found to be representative of a cross section of manufacturing firms resident

in Canada but operating both in Canada and abroad.

In this study, the data used as inputs to and outputs from the joint decision making process

reflect the purchaser’s perspective. That is, the outputs of joint responsibility, as modeled in

Section 2.1, were the purchaser’s perception of both the purchasing functions satisfaction

and the overall firm’s satisfaction. Most data was collected using 7-point Likert scales. Some

contingency variables, however, used interval scales (e.g., percentages of R&D expenditures,

age of relationships, see Appendix 1).1

3.2. Data envelopment analysis

Data Envelopment Analysis (DEA), as originally presented by Charnes, Cooper and Rhodes,

(1978) was designed as a tool for evaluating the relative efficiencies of the members of a set of

comparable decision making units (DMUs). A wide range of applications has been explored in

the literature over the 25 year period since the development of this methodology. Application

areas include the evaluation of performance of bank branches, hospitals and schools.

In the conventional setting, each DMU, k, consumes a bundle of I inputs Xk = (xik)I
i=1

and produces a set of R outputs Yk = (yrk)R
r=1. A number of variations of the original constant

returns to scale (CRS) model of Charnes, Cooper, and Rhodes (1978) have appeared in the

literature. The variations by Banker, Charnes, and Cooper (1984) and the one utilized herein

account for variable returns to scale (VRS). Stated in functional programming format, the

measure of efficiency for DMU0 is given by:

eo = max

(
μo +

R∑
r=1

μr yro

)/
I∑

i=1

υi xio

s.t.

(
μo +

R∑
r=1

μr yrk

)/
I∑

i=1

υi xik ≤ 1, ∀k (1)

μr , υi ≥ ε, ∀ r, i ; μo unrestricted.

1Appendix 1 contains details on the specific questions asked to collect the data for the DEA efficiency rankings
and the contingency variables. It also describes how data was transformed to perform the various statistical
tests used later in the article.
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Here, μr , with r ≥1, is the worth or multiplier for the rth output and υi the multiplier for

the ith input. The unrestricted variable μo allows for increasing, constant and decreasing

returns to scale. Essentially, in an economic context, the “benefit/cost” ratio for each DMU

is maximized. This is done subject to the restrictions that, when the “best” multipliers μ̂r , υ̂i

for that DMU are determined, they must be such that when applied to any other DMUk , the

ratio for that DMU cannot exceed unity. As well, all multipliers must be strictly positive

(greater than or equal to some infinitesimal ε > 0), reflecting the fact that all factors must be

taken into account in deriving the efficiency score for a DMU.

As demonstrated by Banker, Charnes and Cooper (1984), model (1) is equivalent to the

linear programming model (2):

eo = max μo +
R∑

r=1

μr yro

s.t.
I∑

i=1

υi xio = 1 (2)

μo +
R∑

r=1

μr yrk −
I∑

i=1

υi xik ≤ 0, ∀k

μr , υi ≥ ε, ∀r, i.

In the very common case that some or all of the outputs and inputs are qualitative rather

than quantitative, the above model (1) (or (2)) must be modified. Cook, Kress, and Seiford

(1993, 1996) present the requisite modification to facilitate the use of Likert scale data of the

type present in the dyad setting discussed above. Appendix 2 presents a brief overview of the

ordinal DEA model. A detailed development is found in Cook, Kress, and Seiford (1996).

3.3. Measuring the impact of contingent variables on performance

Following the DEA analysis, the contingent variables were analyzed by contrasting the

performance of the dyads that exhibited a high level (e.g., high level of joint R&D activities)

versus low level (e.g., low level of joint R&D activities) for the variable in question. We then

computed the average efficiency of the dyads with a high level and the same measure for the

dyads with a low level of the contingent variable. We argue that a significant difference in

the average efficiencies, as established by a two-sided t-test, is an indicator that the groups

are indeed different in terms of their performance.

A second step in the analysis of a contingent variable was to test the interaction between the

dyads in the high and low group. This can be done by assessing to what degree the dyads on the

efficient frontier in one group prevented the dyads in the other group from becoming (more)

efficient. To perform this analysis, we split the sample into two parts: dyads exhibiting a high

level and those with a low level of the variable in question. Then two DEA analyses were run,

one with each partial sample, noting that, for each contingent variable, the set of high (low)

level dyads comprises different dyads. Finally, the average efficiencies for the each partial

sample were computed and compared with the original average efficiencies. A significant

difference in the average efficiencies when the DEA model was ran with whole versus partial

samples would indicate that the contingency variable impacted the determination of which

dyads were the relevant benchmark DMUs on the efficient frontier. For this step we also used

a two-sided t-test.
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The interaction between the high-level versus low-level dyads manifests itself in the

following way. Each partial sample with only high-level or only low-level dyads is likely

to contain some perfectly efficient dyads, simply because of the relative efficiency context

of DEA. Those dyads, which are members of the efficient frontier, essentially restrict less

efficient dyads from being more efficient. Hence, if a partial sample contains particularly

many efficient dyads, a re-run of the DEA with members of only that partial sample will not

have a great impact on that sub-group’s average efficiency. In contrast, if the partial sample

comprises no or only a few efficient dyads when run as part of the entire group, a re-run of the

DEA with only members of that partial sample will result in a large increase in the group’s

average efficiency. Hence, in addition to the difference in the average efficiency between the

two groups as computed using the original DEA results, the change in the average efficiency

rating both in magnitude and direction is another indicator of the group’s position within the

overall ranking.

The specifics of how individual items from the survey were translated into measures for

the DEA model and the contingency variables are presented in Appendix 1.

4. Results of the DEA and statistical analyses

4.1. Commitment of resources to the partnership

We hypothesized that supply chain cooperation is less efficient when products are highly

customized or innovative. Using a two-sided t-test to compare the average efficiency of

dyads whose products are highly versus little customized we found weak evidence in support

of the first hypothesis at a level of significance of α = 0.129. In particular, the average dyad

exchanging highly customized products exhibited an efficiency of only 71%, as compared to

81% for dyads exchanging standardized products (see Table 1).

Re-running the DEA model with split samples revealed that the average efficiency of

dyads exchanging standardized products increased from 81% to 96%. This indicates that a

fair number of dyads exchanging customized products were located on the efficient frontier.

Similarly, the average efficiency of dyads exchanging customized products increased from

71% to 92%. This larger increase suggests that the efficient dyads exchanging standardized

products are more influential (positioned on the efficient frontier to have greater impact) or are

greater in number than the efficient dyads exchanging customized products. In addition, even

comparing the average efficiencies from the split sample analysis, the dyads exchanging cus-

tomized products were, on average, still less efficient than the ones exchanging standardized

products. Note that, at α = 0.35, however, this difference was not significant. The difference

in the average scores for the entire versus split sample analyses were highly significant (α =
0.02 for the low group, α = 0.00 for the high group).

To test the efficiency of joint decision making of dyads in low versus high innovation set-

tings (Hypothesis 2), the difference in means was tested between dyads where both purchaser

Table 1 Impact of the level of
customization on efficiency Customization Low High Significance (l/h)

n 9 13

Entire sample 81% 71% 0.129

Split sample 96% 92% 0.354

Significane (e/s) 0.016 0.000
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Table 2 Impact of the level of
R&D budget devoted to joint
activities on efficiency

Jont R&D No Yes Significane (n/y)

n 31 9

Entire sample 80% 69% 0.040

Split sample 83% 92% 0.525

Significane (e/s) 0.569 0.000

and supplier had some percentage of their R&D budget devoted to joint activities versus dyads

with no expenditure. The difference in the average efficiency between the two groups was

comparable to that of the previous result. Due to a higher number of firms that responded to

this question, however, the significance of the difference was far more striking (see Table 2).

In accordance with our hypothesis we found that the average efficiency of dyads devoting

R&D budget to joint activities was much lower than the efficiency of those that did not (80%

versus 69%, α = 0.04). Therefore, we must reject the “null” of Hypothesis 2 (R&D expen-

diture has no influence on efficiency) and conclude that those sites with no joint innovation

expenses tended to be more efficient.

Interestingly, however, when re-running the DEA with the split sample, the average ef-

ficiency did not change much for the no-R&D group (82% versus 80%, α = 0.59). This

indicates that a high proportion of the efficient dyads were members of this group. In con-

trast, the average efficiency of the high commitment group jumped from 71% to 89% (α =
0.00) and thus further confirmed this result.

4.2. Stage of relationship

Hypothesis 3 postulated that relationships are more efficient when partners have had some

time to work with one another. Recall that we measured this hypothesis by testing the number

of years the partnership had existed (relationship age), and by having the partners classify

whether their partnership was fairly new or mature (relationship stage). Tables 3 and 4 show

that neither of these variables approximating the continuity of the relationship had an impact

on the relationship’s efficiency in any way. All sets of dyads had similarly influential decision

making units on the efficient frontier, as shown by the insignificant differences between the

entire and split sample results. We would therefore reject Hypothesis 3.

Table 3 Impact of the stage of
the relationship on efficiency Relationship stage Evolving Mature Significance (e/m)

n 34 52

Entire sample 75% 78% 0.374

Split sample 77% 81% 0.621

Significance (e/s) 0.572 0.304

Table 4 Impact of the age of the
relationship on efficiency Age of relationship Young Old Significance (y/o)

n 37 44

Entire sample 78% 76% 0.580

Split Sample 81% 78% 0.219

Significance (e/s) 0.431 0.440
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Table 5 Impact of the match
between relationship stage and
communication style on
efficiency

RelStage & CommStyle No match Match Significance (n/m)

n 37 24

Entire sample 75% 77% 0.606

Split sample 84% 77% 0.054

Significance (e/s) 0.023 0.847

Table 6 Impact of match
between customization and
communication style on
efficiency

Custom & CommStyle No match Match Significance (n/m)

n 34 21

Entire sample 71% 80% 0.053

Split sample 82% 83% 0.810

Significance (e/s) 0.002 0.620

4.3. Communication between partners

Using the relationship stage as a measure of routinization revealed no significant difference in

efficiency between dyads with matched and mismatched communication styles (see Table 5).

Running the split sample analysis revealed, however, that dyads with mismatched commu-

nication styles had not been represented on the efficient frontier to the same degree as dyads

with matched styles, resulting in a statistically significant increase in the efficiency of dyads

with mismatched styles. This indicates a weak support for Hypothesis 4.

Hypothesis 4 is solidly supported when the degree of product customization is used in

the analysis. Table 6 shows a significant difference (α = 0.053) between the efficiency of

dyads with a matched style (80%) and those with a mismatched style (71%). In addition,

while re-running the data with the split sample lead to only a small increase in the average

efficiency of dyads with matched communication styles (α = 0.620), the increase in the

efficiency of dyads with mismatched styles was large (11 percentage points) and statistically

highly significant (α = 0.002). Thus, these results very strongly support the notion that a

match between communication style and the degree of routine leads to an increased efficiency

of the relationship.

In the next section we provide an interpretation of these results.

5. Conclusions: Efficient supplier management

5.1. Discussion of results for contingent variables

5.1.1. Product customization and innovation.

The analysis found marginal support for the hypothesis that joint decision making efficiency

for standardized goods is higher than that for customized goods (Hypothesis 1). The split

sample analysis also indicated that the set of dyads exchanging standardized products was

positioned on the efficient frontier more strategically (i.e., they had a greater impact on the

non-efficient dyads) or in greater numbers than those with customized products, thus lending

additional support to the hypothesis. Still, it is surprising that the relationships based on the

exchange of standardized products would not be more significantly efficient than those in

which customized products are exchanged, given that it could be expected that the former
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would have to commit less resources to the partnership and a smaller effort for joint decision

making.

One possible explanation for this marginal result is that the satisfaction buying firms

derive from the close collaboration with their top suppliers during the early phase of the

product or process life cycle is greater than we would have expected (perhaps due to the

prevalence of an entrepreneurial spirit), resulting in a higher efficiency. The DEA rank-

ings reflect a ratio of inputs to outputs and thus high levels of satisfaction may blunt the

impact of the extra effort needed for joint decision making during the customization pro-

cess. Indeed, our data reveals that firms with customized products expended a greater effort

along dimensions important to the success of a new product (e.g., daily delivery schedules,

product/service design and quality improvement). At the same time, they were also some-

what more content with the outcome of their efforts (6.0 as compared to 5.8 on a seven

point scale for dyads with customized products), thus giving credence to this explanation.

Lastly, the marginal results could have simply been the result of a small sample size as the

same difference in average efficiencies tended to be statistically significant in consecutive

analyses.

Clearer results were obtained when investigating the degree of innovation as indicated by

joint R&D budgets (Hypothesis 2). In situations where partners had a joint R&D budget the

average joint decision making efficiency was significantly lower than for firms without one.

By its very nature, innovation comes with many uncertainties that must to be accommodated

in joint decision making processes. This fact was supported by our data. On average, dyads

with joint R&D expenditures exhibited significantly higher levels of joint decision making

activities for product design (5.0 versus 6.0 on a seven point scale, α = 0.09) and quality

management (5.4 versus 6.2, α = 0.11). Surprisingly, those dyads were also more concerned

with improving cost efficiency (4.6 versus 6.1, α = 0.00), thus indicating cost consciousness

(or just concern with the naturally higher cost levels) during early stages of the product/process

life cycle. However, as compared to the customization variable, dyads with R&D expenditures

did not exhibit a significantly higher level of satisfaction than low joint R&D dyads (5.9 versus

5.0, α = 0.23), thus resulting in the significantly lower efficiency observed above.

5.1.2. Maturity of the relationship

We were surprised to find that older, more established relationships would not have more

efficient joint decision making processes than emerging ones (Hypothesis 3). The underlying

assumption was that a learning curve effect would take hold as dyad partners began to gain

experience with each other. Further analysis of the relationship stage data revealed that mature

dyads expended, on average, a slightly smaller effort than evolving dyads (5.2 versus 5.5).

However, as the effort decreased, so did the satisfaction with the relationship (5.8 versus

6.0), even if this difference is somewhat smaller than the difference in inputs. In contrast, the

relationship age data indicated that the inputs across the young and old groups were about

equal (at 5.4), whereas dyads with older relationships were slightly less satisfied (5.8 versus

6.0). One explanation for this phenomenon is that in a business relationship that has spanned

10 years or more the parties may be complacent or shift their time and effort to other priorities

such as younger relationships.

5.1.3. Communication

Our findings indicate that the match between communication mode and the stage of the re-

lationship (as a proxy for the level of routine) did not impact the efficiency of joint decision
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making (Hypothesis 4). This further supports the findings regarding the impact of the rela-

tionship stage on efficiency (Hypothesis 3). Firms were efficient or inefficient regardless of

the match between the communication mode and the degree of routinization we expected

based on the relationship stage. This finding was very much reflected in the input and output

data, where dyads with matches performed very similar to those without matches, except

for joint decision making regarding product designs. Here, firms with a match expended a

higher effort on joint decision making (5.9 versus 5.1, α = 0.02) than firms without a match.

This result is counter-intuitive and may be the result of the fact that the variance in input and

output levels for firms without matches was much greater than that for firms with matches.

The greater variance can be linked to the fact that the efficiency of no-match dyads increased

significantly in the split sample analysis, whereas the efficiency of dyads with matches re-

mained the same. These findings are interesting because they imply that firms that follow the

theory avoid the risk associated with the higher variance experienced by firms that do not,

even though, on average, their efficiency levels are not much higher.

In contrast to these results, the match between the communication mode and the level of

product customization did significantly and positively impact the efficiency of joint decision

making (Hypothesis 4). Three aspects of the joint decision making activities seem to have

driven this result. Firms that matched mode to customization engaged in less decision mak-

ing about cost containment (5.5 to 4.5, α = 0.04), order entry (5.4 to 4.6, α = 0.10) and

quality management (6.0 to 5.3, α = 0.05). These specific kinds of joint decision making are

often associated with high volumes of routine information exchange, but equally hold for

dyads with customized products and rich communication styles. An inappropriate mode of

communication for a given level of routine would exact significant penalties in terms of time,

resources and satisfaction. Although customization by itself did not discriminate between

low and high joint decision making efficiency (see Hypothesis 1), customization coupled

with the appropriate mode of communication did.

There are many opportunities to broaden the scope of research on the relationship be-

tween contingency variables and the efficiency of supply management. In this study we have

restricted ourselves to joint decision making in supply relationships and demonstrated this

potential line of research. In other works on cooperative relationships, the building of trust

(Johnston et al., 2004a) social capital (Tsai and Ghoshal, 1998) and social structures (Buvik

and Halskau, 2001) are identified as potential contingent conditions for cooperative activities

such as joint decision making and their resulting outcomes. The intensity and quality of

various information technologies presents an interesting contingent variable that should be

explored further, particularly as related to other contingencies such as firm size (Johnston,

Wade and Mcclean, 2004b). Clearly, our approach to performance measurement opens these

findings for re-examination and extension.

5.2. Using categorical data for benchmarking

Examining cooperative activities between a buyer and a supplier from an efficiency per-

spective raised the interesting managerial question of whether a firm should engage at all in

joint decision making with suppliers. The average efficiency scores suggested that, for most

dyads, the level of satisfaction was higher than the level of effort expended. In addition, the

results from the analysis of the contingent variables showed that some factors, such as the

degree of customization or innovation and the match between the communication mode and

the routine of the communication, may impact the efficiency of the dyads. Decision makers

need to carefully evaluate their particular situation and decide whether such factors might be

important to their supply relationships. On the other hand, the impact on efficiency of some
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other contingent variables, including the age and life cycle stage of the relationship, proved

to be negligible. In these cases, it is clearly sufficient to merely consider the effectiveness of

the joint decision making process, rather than their efficiency.

Lastly, separating the sample into different cohorts along high and low levels of the

contingent variables illustrated that the proper selection of relevant cohorts for benchmarking

purposes is important. This is particularly true if the average efficiency of a group is low as

compared to the other group. In this case it is likely that the second group (i.e., the one with the

higher average efficiency) contains more or more influential DMUs residing on the efficient

frontier. By implication, it is important for firms to compare themselves to competitors that are

perceived to be not only best practice or otherwise influential (i.e., effective) in their industry

but also efficient in terms of their procedures and resources. This finding is discussed in more

detail in the following section.

5.3. Using efficiency and effectiveness measures in supply chain research

In the study of supplier-buyer relationships in supply chains to date, researchers have placed

an emphasis on measuring the effectiveness rather than the efficiency of relationships. That

is, the purchaser’s or supplier’s satisfaction is usually measured as a consequence of various

actions such as the exchange of resources or conditions such as the length of the relationship.

What has not been measured are the types and extent of effort expended in a relationship to

achieve outcomes. Our research takes a first step in this direction.

We have illustrated that, when assessing the performance of supply relationships in terms

of efficiency, data envelopment analysis (DEA) can be a valuable tool. DEA allows relating

multiple inputs to multiple outputs to arrive at relative performance measures. Moreover, the

DEA structure allows firms—within limits—to take into account their particular operating

environments.

Clearly, from a managerial perspective, the effectiveness of any decision must reflect

to some degree the efficiency of the process used to achieve it, especially in competitive

environments. This being said, measuring performance merely through efficiency ratings

does not reflect all desired outcomes. As we found in our testing of contingent variables,

many practices and conditions that we expected would lead to efficient joint decision making

did not.2 We suspect that efficiency of joint decision making is less of an issue in certain

business environments where such interaction is a requirement or “cost of doing business.”

Given the frequent mention in the literature of difficulties in highly collaborative relationships

(e.g., Ertel, Weiss and Visioni, 2001), we have to wonder what effect a greater focus on

efficient management would have had on outcomes. Comparing organizations with different

definitions of an effective strategy makes comparisons of the underlying joint decision making

tasks difficult. In future research DEA should be applied to a cohort of firms in a single

business sector (i.e., where agreement on the most effective overall strategy exists) to identify

best firms for benchmarking specific practices.

Unlike past DEA research, our model of joint decision making efficiency used perceptual

measures. We used ordinal rankings (Likert-scale data) as inputs and outputs to our model.

While ordinal data loses some granularity as compared to interval data, it is useful for and

commonly applied to collecting managerial data. Therefore, to fully utilize managerial data

to compute a construct such as “efficiency,” models must be capable of accommodating this

2 It should be noted that the contingent variables did not differ significantly between high and low groups
when tested for the effectiveness of outcomes. Hence, the differences between groups, where found, were a
result mainly of varying input levels rather than differences in output (effectiveness) levels.
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type of data. We have done that in this paper. As a result, this paper does not only open

up the discussion of efficiency in measuring supply chain performance, but also makes a

methodological contribution by illustrating the use of DEA with ordinal data.

Appendix 1: Survey items and coding procedures used in DEA model and

contingency analysis

THE DEA MODEL:

INPUTS: Joint Decision Making Variable Items

All items used seven point Likert scales were one is strongly disagree and 7 is strongly

agree.

1. “We make joint decisions about ways to improve cost efficiency”

2. “We make joint decisions about ways to improve order entry procedures”

3. “We make joint decisions about ways to improve delivery schedules”

4. “We make joint decisions about ways to improve product/service design”

5. “We make joint decisions about ways to improve: quality monitoring/improvement”

OUTPUTS: Buyer Satisfaction Variable Items

All items used seven point Likert scales where one is not satisfied and 7 is satisfied.

(1) “In general, how satisfied has your firm been with the overall performance of this buyer-

supplier relationship?”

(2) “In general, how satisfied has the purchasing organization been with the overall perfor-

mance of this buyer-supplier relationship?”

CONTINGENT VARIABLES

Hypothesis 1—Customization and Efficiency

“Please indicate the degree to which the components or services bought from this

supplier are standardized by circling a number from 1 to 7 where Industry standard

component or service is 1 and completely customized component or service is 7.”

Observations were categorized as standardized with values 1 to 3 and customized with

values 5 to 7. Values of 4 were discarded to give better discrimination.

Hypothesis 2—Level of Innovation and Efficiency

“What % of your R&D budget is allocated to joint activities with this sup-

plier/purchaser?”

Divided into two groups: those where both suppliers and purchasers agreed that that a

portion of their R&D went into the relationship and those dyads where they did not.

This is the only variable using both the purchaser’s and the supplier’s data.

Hypothesis 3—Stage of Relationship and Efficiency

Two measures were used for this hypothesis.

(1) How long has your company been purchasing these or any other items from this supplier?”

Observations were split into two groups using the median age of 10 years as the midpoint.

Springer



30 Ann Oper Res (2006) 145:15–34

(2) What is the stage of your relationship with this supplier (1) growing or (2) established

or (3) declining?” There were no “declining” responses therefore the data split naturally

into two groups.

Hypothesis 4—Communication Mode/Level of Routinization Match and Efficiency

(1) Respondents were asked “Do you or do you not used the following electronic means

(i) Telephone

(ii) E-Mail (used for orders only)

(iii) Electronic Data Interchange

(iv) Network (used for transmitting specifications, drawings etc.) of communication

(2) Telephone communication was found to ubiquitous to all respondents and thus removed

as a discriminator

(3) The observations were classified into two groups: high media richness containing face

to face meetings and e-mail, low media richness containing EDI and other network

technology for transmitting routine communications.

(4) Only those observations where respondents were categorized into one or the other group

was used.

(5) Mode of communication of observation was compared to stage of relationship (see

Hypothesis 3) and categorized as a match or mismatch.

(6) Mode of communication of observations were compared to degree of customization (see

Hypothesis 1) and categorized as a match or mismatch.

Appendix 2: A DEA model for likert scale data

Cook, Kress, and Seiford (1996) present a general model for handling Likert scale data. For

completeness, we present a brief overview of the ideas surrounding that model. We point out

that, while the particular application herein has only ordinal (Likert scale) data, the model of

Cook, Kress, and Seiford (1996) is more general, handling both ordinal and numerical data.

Stated in general terms, assume there are R1 quantitative and R2 qualitative outputs, and I1

quantitative and I2 qualitative inputs. Let (Yk, Xk) denote the bundles of quantitative outputs

and inputs for DMU k. In regard to the ordinal factors, define the L-dimensional unit vectors

(γr1(k), . . . , γr L (k)) , and (δi1(k), . . . , δi L (k)), where

γr�(k) =
{

1 if dyad k is rated in lth place on the r th ordinal output

0 otherwise

and

δi�(k) =
{

1 if dyad k is rated in lth place on the i th ordinal input

0 otherwise
.

For example, if L = 5 (e.g., a 5-point Likert scale is used) and if dyad 1 is rated in

third place (i.e., in the third category among the five categories) on output criterion 5, then

γ53(1) = 1 and γ5λ(1) = 0 for λ = 1, 2, 4, 5. The choice of L seems to be somewhat arbitrary

in most practical situations. Likert scales used by market researchers are commonly taken as

5, 7 or 9. The use of a 5-point scale seems to be fairly common in many settings, as is the

case herein. For purposes herein we assume the use of a common scale for all criteria. Define
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the decision variable or worth w1
r� associated with being rated λth relative to the rth output

factor. Similarly, w2
i� denotes the worth variable associated with being rated λth relative to

the ith input criterion. In the usual formulation of the CCR (Charnes, Cooper, and Rhodes,

1978) model with only numerical factors, the contribution of the rth output criterion, say,

to the overall efficiency ratio of the kth dyad, is μr yrk . For an ordinal output criterion, the

contribution will be
∑L

�=1 w1
r�γr�(k). Using vector notation (e.g. Wr is the L-dimensional

vector of variables wr�), we define the mixed numerical/ordinal DEA ratio model (in the

primal LP format) by:

max μo + μYo +
∑

rεORD

W 1
r γr (o) (A.1)

subject to:

υXo +
∑

iεO RD2

W 2
i δi (o) = 1 (A.2)

μo + μYo +
∑

rεO RD1

W 1
r γr (k) − υXn −

∑
iεORD2

W 2
i δi (k) ≤ 0, n = 1, . . . , N (A.3)

μr ≥ ε, r ∈ CARD1 (A.4)

υi ≥ ε, i ∈ CARD2 (A.5){
W 1

r , W 2
i

} ∈ 	. (A.6)

The notation Yo and γr (o) are used to signify the particular DMU being considered at the

time. Here, ORD1 and ORD2 represent the sets of ordinal outputs and inputs, respectively;

CARD1 and CARD2 are the sets of numerical outputs and inputs. (In the particular example

in this paper, CARD1 and CARD2 are empty sets). 	 (discussed below) denotes the set of

allowable or admissible worth vectors. It must be noted that the use of the same ε for different

input and output factors within the DEA structure has been met with objections from several

quarters over the past several years. Since two inputs might, for example, be ‘labor hours’

and ‘available computer technology,’ the scales for the respective data values xi1k and xi2k

might be very different. In this case the sizes of υi1 and υi2 may similarly differ. Thrall

(1996) has suggested a mechanism for correcting for this scale differential through the use

of a penalty vector G which can be used to augment ε. By choosing G appropriately one can

effectively reduce all factors to a form of common unit. For simplicity of presentation and

notation herein we assume that the cardinal scales are similar in dimension and that G is the

unit vector. The more general case would proceed in a similar manner.

We now examine various forms 	 might take. While in the case of pure numerical criteria

it may not be necessary to restrict the multiplier space (for μ and υ) other than through the

normalization constraints (A.2), ratio bound restrictions (A.3), and lower limits (A.4 and

A.5), this is not true in the case of an ordinal factor. Because w1
r�, for example, is meant to

represent the weight or worth of being rated lth on a criterion, at a minimum we require that

w1
r� > w1

r�+1. That is, it is more important to be rated in the lth category on a given criterion

than in the l + 1st category. Imposing a strict ordinal ranking on the components of each

worth vector, we therefore define

	 = {(
W 1

r , W 2
i

)∣∣w1
r� − w1

r�+1 ≥ ε, w2
i� − w2

i�+1 ≥ ε, w2
i L ≥ ε, for all r, i, �

}
, (A.7)
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where ε is a small positive scalar. Defining 	 in this manner thus ensures that a strictly higher

weight is given to dyads that rate in position l than is true of dyads rated in position l+1. ε

could be made dependent upon l (i.e. replace ε by εl ), and all results below would still follow

in a similar fashion. For convenience here, we use a common ε. In 	, ε could be augmented

by an appropriate penalty vector G since now we are using the same ε for both ordinal and

cardinal factors. The choice of an appropriate penalty vector G to ‘standardize’ all factors

here should, however, be no different than in the case where all factors are numerical.

Problem (A.1)–(A.6) where 	 is defined by (A.7), is then a modification of the usual

variable returns to scale (VRS) structure, in that it contains additional ordinal relations on

the worth variables {w1
r�, w

2
r�}. It has been shown, however, that this model can be reduced

to the standard CCR format.

There are many decision situations involving multiple criteria where management may

wish to impose an a priori ranking of those criteria. It is particularly true that when the

criteria under consideration are ordinal and are expressed on a common L-point scale, but

note that while it may be desirable to allow different scales for different criteria, this would

be problematic if we want to incorporate criteria importance.

The model (A.1)–(A.7) of the previous section, as it presently stands, does not contain

any provision for incorporating the relative importance of the various criteria. To incorporate

such a feature here, the admissible set 	 of worth vectors {W 1
r , W 2

i } must be redefined.

Assume that the output worth variables w1
r� have been prioritized (with no loss of generality,

assume they are already numbered in descending order of importance), specifically:

w1
rλ − w1

r+1λ ≥ ε, r = 1, . . . , R2 − 1 ∀λ (A.8)

w2
R1�

≥ ε, for all �.

Similarly, let the input worth variables be prioritized:

w2
rλ − w2

r+1λ ≥ ε, r = 1, . . . , I2 − 1∀λ

w2
i� − w2

i+1� ≥ ε, i = 1, ..., R2 − 1, forall � (A.9)

w2
R2�

≥ ε, for all �.

Now define 	 by 	̄ = {
W 1

r , W 2
i ) | w1

r� − w1
r�+1 ≥ ε, w2

i� − w2
i�+1 ≥ ε, w2

i L ≥ ε and sat-

isfying (A.8) and (A.9).

The above model (A.1)–(A.7) has been used to evaluate the set of observed dyads relative

to the stated hypotheses. While we have not prioritized the criteria along the lines of (A.8)

and (A.9), clearly, such a prioritization could be accommodated.
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