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levels of technological development14, and transform the variable into two dummies: TEC1 and
TEC2. DS vendors are codified by TEC1= 0 and TEC2=0, DA vendors are codified by TEC1=1
and TEC2=0 and MG vendors are codified by TEC1=0 and TEC2=1. Thus, TEC1 and TEC2
have, respectively, additional effects on the risk sharing parameter as the degree of supplier’s
technological initiative increases from DS (supplier’s state taken as a floor) to DA and MG
vendors.

DIFF1 and DIFF2. These are dummy variables which measure the difficulty to find alternative
sources. For each component making up the final product, we count how many firms supplied the
same component to the analyzed buyers in each year'’. Then, we classify all the suppliers into
three categories considering the frequency distribution of the number of rivals: a) suppliers with
more than four rivals; b) suppliers with two or three rivals; c¢) suppliers with one or no rivals. We
assigned to each supplier a value: 1 for suppliers in category a), 2 for suppliers in category b),
and 3 for suppliers in category c). Similarly to what we did with TEC, we worked out this
variable with two dummies: DIFF1 and DIFF2. Suppliers easy to substitute are codified by
DIFF1= 0 and DIFF2=0; suppliers with some alternatives are codified by DIFF1=1 and
DIFF2=0; suppliers difficult to substitute are codified by DIFF1=0 and DIFF2=1. DIFF1 and
DIFF2 give, respectively, an additional effect on the risk sharing-parameter with respect to the
state, taken as a floor, of low difficulty to find alternative sources. Thus, we expect the

contribution of DIFF2 to be larger than the contribution of DIFF1.

'* In the case of suppliers selling more than one component to the manufacturers, we chose the component with the
highest degree of technological complexity.
' If a firm supplies more than one component, we considered the component whose cost proportion to the full

manufacturing cost of the final product was largest.
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WEIGHT1 and WEIGHT2. These are dummy variables which measure the weight of each
supplied component on the value of the high precision AC unit. We use the proportion of the
component’s cost to the high precision AC unit’s full manufacturing cost. The larger is this ratio,
the more important the component. We classify the suppliers into three categories (built out of
the frequency distribution of the cost ratio). We assign to each supplier a value: 1 for components
with low relative importance, 2 for components with average relative importance, and 3 for
components with high relative importance. Similarly to what we did with TEC and DIFF, we
treat this variable with two dummies WEIGHT1 and WEIGHT2'. Suppliers producing
components with low relative importance are codified by WEIGHT1=0 and WEIGHT2=0;
suppliers producing components with medium relative importance are codified by WEIGHT 1=1
and WEIGHT2=0; suppliers producing components with high relative importance are codified by
WEIGHT1=0 and WEIGHT2=1. WEIGHT1 and WEIGHT2 give, respectively, an additional
effect on the sharing parameter in comparison to the state, which is taken as a floor. Thus, we

expect that the contribution of WEIGHT?2 is greater than the contribution of WEIGHTT.

'® This method of treating the variables implies a significant information loss. Nevertheless, the use of dummies
improves the assessment of the impact of the many components (of a high-precision air conditioner) whose cost
represents a small fraction of the full manufacturing cost of the final product. For example, if the cost ratio is treated
as a continuous variable, the supplier that produces a component that accounts for 0.98% of the full manufacturing
cost of the final product, would be assigned a similar value to those that supply a component that accounts for 0.17%.

Although they both differ a lot from the higher values (larger than 20%), they remain significantly different.
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4. Microeconometric analysis
4.1. Suppliers’ risk aversion

As a preliminary step, we verify two basic assumptions underlying the agency model of the
buyer-supplier relation: a) suppliers are risk averse and b) large suppliers are less risk averse.
Following Kawasaki and McMillan (1987, 338), we test suppliers’ risk aversion assuming the
existence of a linear relationship between the mean (w) and variance (s°) of suppliers’ profits:
u=>%MNs +k
(V2 \) s” is the risk premium and k is the residual profit. A>0 implies that suppliers are risk averse.
We estimate this equation by ordinary least squares (OLS) using samples’ means and variances
of suppliers’ operating income as measures for u and s*. Table 1 provides the results of

estimates for suppliers’ risk aversion.

Table 1 about here

In both samples, A (suppliers’ risk aversion) is significantly positive'’, implying that suppliers are
risk averse.

Furthermore, results in table 1 show that A of the first sample is considerably lower than A of the
second sample. This is consistent with the second assumption (large suppliers are less risk averse)
in that the average size of the second sample (194 employees) is considerably larger than the

average size of the first sample (91 employees).

' In a frictionless market k = 0 (Kawasaki and McMillan, 1987). Instead, in our model k >0 . This can be due to
several reasons. For example, the technological capability necessary to supply high precision AC manufacturers can

constitute a barrier to entry, allowing incumbent suppliers a profit, net of risk premium.
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As a further test of the second assumption, we follow Asanuma and Kikutani (1992), and
hypothesize a family of functions A = A(z), where z represents the size of the firm (number of
employees); the larger is z, the smaller is A, which is the hypothesis to be tested.
Within this family, we choose one hyperbolic function:
A=do+di/z
Inserting A into the mean profit equation u, we obtain:
w=(d+di/z) (V2 s%) +k
Using suppliers’ data (profits’ means and variances, and number of employees), we estimate do,
d; and k. Table 2 shows the results; dy and d; and k take significantly positive values for both
samples. These results support both initial hypotheses: a) suppliers are risk averse; and b) large
suppliers are less risk averse. This also implies that the number of employees can be used as a

proxy for risk aversion.

Table 2 about here

4.2. Risk sharing

Table 3 reports, for both the suppliers’ samples, the descriptive statistics for the risk-sharing
parameter a. Since no international data are available for comparison at the industry level, it is
difficult to assess the degree of risk-sharing going on in the two analyzed cases.

Nonetheless, in both cases, oo means and medians are larger than 0.5, values smaller than, but still
comparable with, those found in the auto industry in Japan (Asanuma and Kikutani, 1992), Italy

(Camuffo and Volpato, 1997) and South Korea (Yun, 1999).
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Indeed, in the Italian high precision AC industry, we would expect much smaller o values than in
the auto industry because: a) an automobile is a much more complex product than a high
precision AC unit; b) first-tier auto suppliers are typically large multinational firms, often
comparable in size to their customers; c¢) auto OEMs and suppliers, especially in Japan, have a
long history of “voice” practices and stable and cooperative relationships; and d) first tier
suppliers in the Italian high precision AC industry have a diversified customer portfolio and do
not depend on a single customer'®. Despite these considerations, o values remain large.

Median values for a are very similar in the two suppliers’ samples, while o mean is larger (and o
variance smaller) in the first than in the second sample. In order to assess if the two
manufacturers absorb risk to different degrees we ran statistical tests for the significance of the
difference between the two suppliers’ population variances and means. We found no statistically
significant difference. Therefore, our data suggest that the two analyzed manufacturers absorb a
similar, nonnegligible degree of risk. We also observe larger o values for suppliers actively
engaged in information sharing, joint improvement efforts and other “voice” practices with their
customers'. These collaborative arrangements derive in part from policies the two buyers have
deliberately adopted, and in part from “district effects” related to geographical proximity, cross-

firm informal and personal ties, customary, albeit tacit, norms of behaviors.

'8 The low mean values for SPEC (proportion of the supplier’s sales to a customer to the supplier’s total sales) in
both the samples confirm this.

' The smaller mean and larger variance of a for suppliers in the second sample suggest that, even though we found
no statistical difference in the means and variances of the two suppliers’ samples, there are differences between the
two manufacturers in terms of purchasing policies and supply network design and management. Our interviews
confirm that the first manufacturer is more advanced in the adoption of “voice” practices in the management of the

supply network.
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Table 3 about here

4.3. Determinants of risk sharing
We now turn to testing the agency model and the related research hypothesis. We recall the
buyer’s optimal choice of o
o= Ao"/(8 + Aa?)
Taking logarithms of both sides of the equation and rearranging, we get:
Ln(1/g— 1) =1n (1/0%) + In(1/A) + Ind
Where o” is the variance of the supplier’s operating costs, A is the supplier’s risk aversion and &
is the supplier’s moral hazard. Using the proxies defined in section 3 for A and d we obtain the
following model:
Ln(1/a.— 1) =ap+ a;ln (1/VARCOST) + a,NUM + a3EQUITY + a4SPEC + asTECI1 + asTEC2 +
a7DIFF1 + agDIFF2 + agWEIGHT1 + a;,)WEIGHT2 + ¢
Tables 4 and 5 show the results of the OLS analysis for both the suppliers’ samples.
Hypothesis 1 is strongly supported for both the analyzed cases: the larger the supplier’s cost
fluctuations are, the larger is the risk-sharing parameter. Both the analyzed manufacturers are

willing to absorb more risk if cost uncertainty is larger.
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Also hypothesis 2A is verified for both the samples (p<0.05 and p<0.1)*. The smaller (the more
risk averse) the supplier is, the larger the risk premium it requires and the larger the risk the
manufacturer absorbs (larger o).

As concerns the degree of business concentration (measured by SPEC), even though the
coefficients are negative as predicted, the regression results are not significant (see model 4 in
table 4 and 5). Thus, Hypothesis 2B is not verified. This is probably due to two facts, related to
structural differences between the Japanese auto industry and the Italian high-precision AC
industry: a) the two manufacturers we analyze are not always the main customers of the suppliers
in the samples; b) the proportion of the supplier’s sales to each of the manufacturer to the
supplier’s total sales is small in absolute terms.

Instead, the results of all the models for both the suppliers’ samples strongly support Hypothesis
2C. The more solid is the supplier’s financial structure (lower debt-equity ratio), the lower its
risk aversion, and the smaller is the fraction of risk absorbed by the buyer.

The regression results also show, for both the suppliers’ samples, that the degree of technological
development is negatively related to a. Coefficient signs for TEC1 and TEC2 are always positive
and significant. Therefore, Hypothesis 3A is verified. The larger is the supplier’s degree of
technological development (which is a proxy for moral hazard), the smaller the risk absorbed by
the buyer.

Hypothesis 3B is not verified. After double checking our data, especially the transcripts of the
interviews with the purchasing managers of the two manufacturers, we believe that this can partly

stem form the fact that our measure of the difficulty to find alternative sources is ambiguous and

%% Note that, for this hypothesis to be verified, the sign of the coefficient must be positive, given that the dependent

variable is Ln(1/g—1).
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not appropriate to capture moral hazard. Probably, the variable DIFF (the number of suppliers
currently selling the same component) is more the result of the manufacturer’s sourcing strategy
(for example single or double sourcing as opposed to multiple sourcing) than a proxy for a typical
“small numbers” market situation.

Regression results do not support Hypothesis 3C, either. This is probably due to the fact that a
large number of components uniformly contribute to the total manufacturing cost of a high
precision AC unit. Even though many of these components (such as electronic controls) are
complex and important in differentiating the final product and determining its technical
performance and quality, most of them account for less than 1% of the full manufacturing cost of
the final product. Therefore, in this specific industrial setting, the proportion of the component’s
cost to the high precision AC unit’s full manufacturing cost does not discriminate the components

in terms of comparative importance.

Table 4 about here

Table 5 about here

4.4. Residual analysis and model improvement

The models presented in the previous section, as well as those published by Kawasaki and
McMillan (1987), Asanuma and Kikutani (1992), Camuffo and Volpato (1997) and Yun (1999)

are flawed by a problem of endogeneity that we solve in this section.
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The use of OLS is appropriate when explanatory variables are not correlated to the disturbance
term. An endogeneity problem arises when one or more explanatory variables are correlated to
the disturbance term. In the models presented in the previous section, one explanatory variable
suffers from endogeneity and introduces a measurement error: cost fluctuation (o”). The
measurement error is introduced into the regressions by both the independent variable - In(1/07) —
and the dependent variable — In(1/a - 1) - which is a function of the standard deviation of costs
(o).

We solve this endogeneity problem using TSLS (Two-Stage Least Squares) instead of OLS, i.e.
introducing an instrumental variable as an alternative measure of supplier’s cost fluctuation, the
variance of the cost of raw, subsidiary and expendable materials (VARMP). Noteworthy, the
fluctuations of these costs are mainly exogenously determined. Hence, they represent more
effectively the degree of environmental uncertainty suppliers are faced with.

TSLS results support our hypothesis for both the suppliers’ samples with some improvements in
the sign and significance of the coefficients (table 6).

Finally, we checked the assumption of homoscedasticity of the error term. From a graphic
analysis, the residuals do not appear heteroscedastic. This is the reason why we did not use the

White-adjusted standard errors to calculate the significance of the estimated coefficients.

Table 6 about here
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5. Implications
Our microeconometric analyses show that both the analyzed manufacturers absorb risk to a
nonnegligible degree, and, in accordance with agency theory predictions, supports the hypothesis
that buyers absorb more risk a) the bigger are the fluctuations in the supplier’s costs; b) the more
risk averse is the supplier; and c) the less severe is the supplier’s moral hazard. These results are
consistent with other previous studies of this sort, conducted in other industries and countries.
From a research perspective, this study improves previous analysis by: a) testing and verifying a
wider set of hypotheses; b) proposing new proxies for risk aversion and moral hazard; c)
constructing original firm-level databases, mostly on primary and certified data sources, which
provides a more reliable ground for statistical analysis; and d) solving, through the use of TSLS
instead of OLS regression, the problem of endogeneity which affected all previous studies.
This study also offers to practitioners some insights as regards the design of supply contracts, the
optimal allocation of risk across supply chains and the management of supply networks.
Firstly, we suggest that purchasing managers include risk sharing as a conceptual cornerstone in
the design and management of their supply networks. For example, a somehow refined, contract-
specific version of the risk sharing parameter a, calculated for example applying activity based
costing methodologies, could complement vendor rating techniques and become an integrative
part of suppliers’ assessment. In doing that, the economic, financial and technical variables we
use in this study, all readily available at the business level, could constitute a sort of preliminary
template for risk sharing analysis and reporting.
Secondly, some of the findings of this study could be used to complement purchasing and supply
management practices (vendor rating, cost structure analysis, total cost of ownership, target
costing) in supply chain policy making. For example, buyers who wish to engage in the

technological development of small, rapidly evolving suppliers, should be prepared to measure
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and maneuver risk sharing as the supplier and the corresponding relation evolve. Buyers should
be willing to absorb more risk in the early stage of the supplier relation life-cycle, nurturing and
protecting the target supplier against environmental uncertainty by stabilizing its profits. As the
relation evolves, however, since the supplier’s potential moral hazard increases, they should
become more cautious in risk sharing and invest even more heavily in “voice” practices (to
overcome information asymmetry and build trust). Similarly, the availability of data on how a
buyer has shared the risk with suppliers provides a more solid basis for the design of flexible
supply contracts. For example, performing sensitivity analysis on risk sharing parameters can
lead to more effective price and quantity negotiations in buy back and revenue sharing contracts.
Thirdly, the availability of industry benchmarks for o values would help the parties pursuing the
global optimization of the supply chain, and even provide support to government industrial
policy. For example, buyers could use such data to monitor suppliers’ free riding if suppliers
enjoy some dominant position in the market for a given component. Alternatively, suppliers
could use such data to monitor buyers’ risk sharing policies and avoid exploitation.

Further research along three directions (largely corresponding to three limitations this study
shares with similar, previous ones) would improve the scientific rigor and managerial relevance
of this stream of investigation.

Firstly, the estimation of the risk sharing parameter o remains somewhat problematic (Okamuro,
2001). The fluctuation of supplier’s costs and profits depends on changes not only in unit costs
and prices, but also in quantities. If reliable data on volume variability (and on inventory
variations) were available (but in our case neither buyers nor suppliers were willing or ready to

provide them), it would become possible to distinguish between the volume-related and the cost-
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related components of risk leading to a more articulated estimate and understanding of risk
allocation in supply chain contracting.

A second conceptual limit also relates to the nature of the risk sharing parameter a. Since o is
calculated using data on operating costs and income from suppliers’ financial reports, it is a
comprehensive measure which refers to all the supplier’s clients and not to a specific customer,
relation and contract. Therefore, a is a characteristic of the supplier and not of a specific buyer-
supplier relation. Given this assumption, the models used so far remain oversimplified, especially
when the supplier’s portfolio of customers is diversified, contractual arrangements change
systematically and buyers’ purchasing philosophy differ significantly. Further research should
address this issue breaking down the analysis by customer, for example calculating, using
sophisticated cost accounting methodologies, contract specific o values, and then modeling risk
allocation at this more disaggregated level of analysis.

Thirdly, the agency model we applied does not clarify the relationship between risk allocation
and the nature of the supplier relation per se. Further evidence of a positive link between
cooperative, stable supplier relations and risk sharing should be sought complementing the model
with variables able to capture such relational aspects as trust or the degree of customer-supplier

integration (Helper and Sako, 1998).
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TABLE 1

Estimates for suppliers’ risk aversion (standard errors in parentheses)

1st sample (N=50) 2nd sample (N=58)
K 1362286** 728338**
(323803) (190609)
A 6,79 X 10-7 ** 2,38 X 10-6 **
(5,44 X 10-8) (4,43 X 10-7)
r 0,76 0,34
Adj. r? 0,75 0,33
+p <0.10; *p<0.05; ** p<0.001
TABLE 2

Estimates for suppliers’ risk aversion.

The case of a hyperbolic function (standard errors in parentheses)

1% sample (N=50) 2" sample (N=58)
K 1273490 ** 717682**
(342665) (194712)
d 6,62 X 107 * 2,3 X 1070 **
0 (5,82 X 10®) (5,09 X 107)
d 2,75X10°" 1,22 X 10
! (3,37 X 10%) (3,61 X 10%)
r 0,7635 0,3410
Adj. r? 0,7535 0,3171

+p <0.10; *p<0.05; ** p<0.001
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TABLE 3

Descriptive statistics for the risk sharing parameter o in the two samples

1* sample o

Mean Median St. Deviation Variance
0,792756 0,858998 0,21053 0,044322
2" sample o

Mean Median St. Deviation Variance
0,661144 0,821545 0,4281 0,18327

40



TABLE 4
OLS results - first sample — coefficients and standard errors (in parentheses)

Variables Model 1 Model 2 Model 3 Model 4
0.113050*** 0.139368** 0.144220** 0.143953*
LOG(1/VARCOST) (0.016685) (0.023699) (0.022459) (0.023773)
0.000785" 0.000790" 0.000894* 0.000891*
NUM (0.000453) (0.000433) (0.000411) (0.000425)
2.172132* 2.160505*
EQUITY (0.886030) (0.946430)
-0.061476
SPEC (1.591239)
1.246977* 1.244032* 1.243076* 1.239214*
TEC1 (0.555314) (0.560665) (0.529260) (0.545235)
TEC2 1.546594* 1.648291* 1.458023* 1.454513*
(0.517391) (0.546421) (0.521620) (0.536011)
DIFF1 0.060132 -0.148046 -0.148631
(0.554670) (0.530442) (0.537403)
0.484954 0.347345 0.348970
DIFF2 (0.367209) (0.351156) (0.358099)
0.990612* 0.704679" 0.704096"
WEIGHT1 (0.406560) (0.401119) (0.406501)
0.364462 0.065443 0.069445
WEIGHT2 (0.495172) (0.483087) (0.500079)
R-squared 0.196297 0.358812 0.442567 0.442588
Adjusted R-squared _ 0.142717 _ 0.249341 _ 0.331080 _ 0.313954
“p <0.10; *p<0.05; ** p < 0.01
TABLE 5
OLS results - second sample — coefficients and standard errors (in parentheses)
Variables Model 1 Model 2 Model 3 Model 4
c 5.589435** 4.181828" 4215399 4.108292"
(2.034843) (2.118352) (2.058302) (2.027845)
0.318225** 0.288740** 0.289415** 0.293260**
LOG(1/VARCOST) (0.076993) (0.080391) (0.078110) (0.076949)
NUM 0.005097** 0.004299* 0.003553+ 0.003490"
(0.001857) (0.001885) (0.001872) (0.001844)
2.310473+ 1.994568"
EQuITy (1.206476) (1.205413)
-8.177463
SPEC (5.295405)
TECH 1.120091+ 1.548494* 1.349199+ 1.571155*
(0.664802) (0.689818) (0.678270) (0.683134)
TEC2 1.321742* 1.602841* 1.252667+ 1.324955"
(0.670933) (0.683858) (0.689150) (0.680168)
DIFF1 1.064191" 0.822551 1.101286"
(0.534581) (0.534514) (0.556388)
DIFF2 -0.054544 -0.069991 0.051461
(0.464642) (0.451527) (0.451488)
0.013079 -0.107587 0.087623
WEIGHT1 (0.476015) (0.466777) (0.476668)
0.121492 -0.116826 0.204221
WEIGHT2 (0.526791) (0.526750) (0.558767)
R-squared 0.292273 0.390461 0.437357 0.466921
Adjusted R-squared _ 0.234499 0.282098 0.322272 0.342950

“p <0.10; *p<0.05; ** p < 0.001



TABLE 6
TSLS results for the 1° and 2" supplier samples — coefficients and standard errors (in
parentheses). LOG(1/VARMP) is used as instrument for LOG(1/VARCOST)

Variables Model 4 Model 4

(standard error) 1st sample 2nd sample
c 3.504976
(2.742806)

0.142957** 0.268334*

LOG(1/VARCOST) (0.024180) (0.108354)
NUM 0.000888" 0.003175+
(0.000425) (0.002083)

2153670 1.994976+

EQuITy (0.946935) (1.206884)
-0.080863 -8.121690+

SPEC (1.593591) (5.304576)
-0.160885 1.095976+

DIFF1 (0.540152) (0.557304)
0.345945 0.024843

DIFF2 (0.345945) (0.459302)
1222198 1.538557*

TEC1 (0.550437) (0.691187)
1.436551* 1436551+

TEC2 (1.436551) (1.289983)
0.696907 0.089544

WEIGHT1 (0.407758) (0.477286)
0.060368 0.166698

WEIGHT2 (0.501706) (0.571084)
R-squared 0.442563 0.465621
Adjusted R-squared 0.313924 0.341346

“p <0.10; *p<0.05; ** p < 0.001



