Electronic Companion for “Risk-Aversion and B2B Contracting
under Asymmetric Information: Evidence from Managed Print

Services”

Jie Ning
Weatherhead School of Management, Case Western Reserve University, jie.ning@case.edu
Volodymyr Babich
McDonough School of Business, Georgetown University, vob2@georgetown.edu
John Handley
Xerox Innovation Group, john.handley@zeroz.com
Jussi Keppo

NUS Business School, National University of Singapore, keppo@nus.edu.sg

A  Proofs

A.1 Proof of Theorem 1.

To prove Theorem 1, we first present and prove two lemmas. Lemma 4 states that the port-
folio optimization problem (9) with R contracting groups is equivalent to R individual screening
problems. Lemma 5 further simplifies the optimization problem of each contracting group. In the
analysis, we use h(+) to denote the probability density function of the Beta distribution Beta(1,1/k).
(Here we assume that no exclusion of printers is allowed. This is consistent with practice where

when a MPS provider contracts with an companies company, all the company’s printers are cov-

ered.)

Lemma 4. The provider’s portfolio optimization with all R contracting groups reduces to a set

of optimization problems, one per contracting group. The optimal contract design for contracting



group r (r=1,2,...,R) solves the following optimization:

max Eo, [MV,(F.(8,), P.(6,))] (22a)
{(Fr(0),P-(0)):0¢[0,1]}

—

(U (P.(0), F-(0),0)] V6,0 €[0,1],  (22b)
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and
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Vij = Var (Qrje(fir f2)| 0,5 ) = B [ 86,67, 8] (24b)

Proof. In optimization (9), constraints of different contracting groups are independent of each
other. Therefore, proving Lemma 4 reduces to proving that the objective function of (9), namely,
the expectation Eg|-] over the entire portfolio, can be written as the sum of expectations over each
contracting group.

The remainder of the proof establishes this result by first showing that the mean-variance term
within the expectation Eg[-] can be written as the sum of R mean-variance terms, each of which is
associated with one contracting group.

Start by simplifying the objective function (9). The summation in the variance and expectation



terms satisfies
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where (25a) follows from (5).
Next consider the variance of (25). Because P, (0) — 5-; and é(\I_JTG + iy — ﬁr(G)) in (25a), and

F,.(0) in (25b) are constants, variance of (25) is equivalent to
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where the decomposition follows from the fact that random variables €, w, &, and § are orthogonal
to each other.

Recall that the contracting group-level random effects e, YN (0,0?). Using 39 N S i1 Srjs



the variance term in (26a) satisfies

R Nr 7 T R N, T
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Recall that @, w N (0, i) The variance term in (26b) is

R Ny 7 . R N, .
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Recall that é?;«jt have zero mean and are independent across printers. Using ‘_/;“j in (24b), the

variance term in (26c) is

R Ny 7 R Ny
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Finally, because (26d) is independent of the contract terms, it can be dropped from the objective
function. Therefore, combining (27)—(29) and dropping terms that are independent of the contract,

the variance term in the objective function can be simplified as follows

R

> [N (Bo(9) - 79) 781502+
r=1

& D 2325 — - = -
Y NP [PT(0)BEDE(6) — 2P [(9)$EP5]] + (30a)
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where V0 = N% Z;V:’“l ‘_/;«j, Vs = N% Z;V:’“l VME}j, (30a) corresponds to (28) and (30b) to (29).

Now consider the expectation term in the objective function (9). Using Ele,| = 0, E[d,;] = 0,



and E[g;o](t)] = 0, equation (25) yields

R N, 7 . T, .
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r=1 j=1 t=1
R . L . R . N, .
= Nr[(Pu0) = 50 B(F,0 — Po(0) + i) + Fo(0)] + Y 7 [N (F)T B0 = > 5T 8]
r=1 j=1

The last term in (31) is independent of the contract and can be dropped.

Therefore, conditional on the value of 8, the mean-variance objective on the overall cumu-
lative cash flow can be written as a summation of R mean-variance terms MV, (F,(6), P.(9))
(r=1,2,...,R), where MV,.(F,(#), P.(0)) is as defined in equation (23).

Because 6, L €, L &J,; and 6, is independent across contracting groups, the expectation Eg|:]

can be written as the summation of Eg [MV,(F,(8,), P.(6,))], establishing the lemma. O

Lemma 5. The provider’s optimization (22) is equivalent to the following problem.

1
max / MV, (E,(0), P.(6))h(6) do, (32a)

{(F-(6).P-(9)):0€[0,1]} 0
5.t d“’;%@ =UI'G[0,0 - P.(0) + 1Y (32b)
\PTadee(e) <0, (32¢)
u*(0) > wor, (32d)

where MV, (F,(0), P.(0)) is defined in (23), and

ok L1z > =0 Tors D =0
uit(0) = 5 | 9,0 — P(0) + i?] 8 [F,0 - P(0) + %] - (), (33a)
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_ Yor 27T RT -T ,
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Proof. First consider the IC constraint (22b). From equation (7),

ﬂ
3
—_

Given that Ele,] = 0, E[@,;] = 0, E[&;(t)] = 0, and ¢, L @ L &;(t), and using i = 3= SN i,

Eéso (U, (P(6), F(9),0)] satisfies

5 (50— B(0)+ i) & (0,0 — P(0) + i) — ﬂ(@] (34a)
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- N T o5 o
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N | =

0 = arg max

The first- and second-order local conditions for the contract (f,(0),p,-(6)) to be incentive com-

patible are, respectively:

— T
B0\ -1~ = o1 dF.(6)
< = ) @[xpre— r(9)+ur]+ T =0, (37a)
2= d P, (6)
o <0.



Because the Spence-Mirrlees condition is satisfied by the utility associated with each contracting
group, the local first and second order conditions are necessary and sufficient for incentive compat-
ibility (Laffont and Martimort 2001).

Let

- — T 1o N
W (0) = = [§,0 - B.(0) + gg} & [\m _B.(0) + g?} — E.(9). (38)

| =

Then the first-order IC constraint (37a) is equivalent to the following constraint on u**(9):

=0T [0,0 - P.(0) + i°]. (39)

Finally consider the participation constraint (22c). Combining (34) and (38) yields

u*(0) > uoy Vo € [0,1], (40)
where
U 1 1 N, 1 Ny 7
_ UYor 27T&RT T &7 ] T HE
gy = NTTT — 5 o1 2 @12 + Fr J:ZlE[WTJQUJr]} N,,,'r,,. J:Zl ;E |:£T’jt¢§"']t:| . (41)

Furthermore, because Cf)[\l_}w — Py + 17] is the expected monthly volume (equation (5)), which is
positive by definition, and ¥, > 0, du**(6)/df > 0 in (39). Therefore, (40) reduces to a constraint
on the lowest type 6 = 0:

u*(0) > uop, (42)
completing the proof. ]

Proof of Theorem 1. From Lemma 5, optimization (22) for contracting group r is equivalent to
optimization (32), which we shall solve below. We first ignore constraint (32c).
Let the participation constraint of the lowest type be binding

uy(0) = uoy. (43)

T



Then by equation (32b), we have

0
*(0) = ugy + UL O / (20, — Po(2) + i?] d=. (44)
0

u

Using the definition of «}*(0), equation (44) yields

0
F.(0) = %[\fw — P.(0) + ﬁ?]%[@re — Po(0) + ji?] — uor — \Iffcb/ (20, — Po(2) + i?] dz.

0
(45)

Then in the objective function of (32), the integral over f,.(f) becomes

1 1 1. . T .
/ F.(0)h(0) df = / 3 (0,0 — B.(0) + 2] ®[¥,0 — B.(0) + ji2] h(6)do
0 0
78 / [ / (20, — 7,(2) + 7] d=| h(8) d8 — uoy. (46)
o LJo

Using integration by parts, the double integral on the right side of equation (46) becomes

1 6
/ / (29, — B.(2) + %] h(0) dz db
o Jo
0 1

1
_ H(H)/ (20, — Bo(z) + i) dz /0 H(0)[0F, — B.(0) + 1% do

0

0
_ /1 1(6)[0F, — B.(0) + 1] do,
0

where H(f) is the cumulative distribution function of §, H(#) = 1 — H(#). Thus, the integral over

fr(0) becomes

= T
/ ' <1 5,6 — B.(6) + %) - M\ﬁ) B[5,0 — P.(0) + i) h(8)d6 — o, (47)
0

—

Plugging (47) into the first term of MV,.(F,(#), P.(6)) in equation (23) yields

1 N 7 T
_Nor / < H(0) + 2‘1’ THr g0 H(e)\f:> B[0F, — P.(0) + 7] h(0) dO — Nyroug,. (48)
0



Combining (48) with the rest three terms of MV, (F}(6), ﬁr(ﬂ)) in (23), the integral in (32a) is

/ 1 MV, (F.(0), P.(0))h(6)d0
0

L/P T, + 0 HO) -\~ - 5
= NTTT/ H0) £ 0% Ty 50— ﬂ\m [00, — P.(0) + % h(0) do (49a)
0 2 h(6)
1 . T 2
— Nymyug, — AN27202 / ([pr(e) -5 @ 2> h(6) db (49b)
0
1
C AN, 72 / (P10)FSTP.(0) ~ 2P L (0)F5F52) h(6) o (49¢)
0
1
— AN, T, / (ﬁf (0)V°B.() — 2PT (9)\7:) h(6) do. (49d)
0

Therefore, finding the function P.(f) that optimizes equation (49) is equivalent to the following

pointwise maximization

P00+ HO\Tzo L g
H%E:X (2 — S5y W‘yr (I)[Q\I’r —pr+ Nr] (503‘)
-\ 2 - - oo
— AN, 7,02 ([ﬁr — 97 81,) — am (*Z’cpm 5, — 2*}?@2%2) (50b)
A (FTV - 25TV7) (50¢)

Maximization (50) is a concave function of p,. First-order condition yields

R 5 N-1[-H(9) = - R
P*0)=35"+ (2AT, + @ O—2, 422NV - VI3 1
0 =52+ (0 4 8) @G 2T - 7)) 51)

where T, is given in Theorem 1.

When 6 follows beta distribution Beta(1,1/x), H(0)/h(0) = (1 — 0)x. It is easy to check
that P*() satisfies the earlier ignored constraint (32¢). Therefore, P*() in equation (51) is the
equilibrium variable price.

The equilibrium fixed price F}*(6) follows by combining equations (51) and (45). O

A.2 Proofs of statements in §5

Proof of Lemma 1. From equation (11), the observed variable prices p* satisfies

T

5= Pi0,) =50+ (2, + q?)_l (81— 6w, + 21 (V2 - 7050) ] (52)
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This gives

- -

1 = =2 2)\ - — —
(1= 0,) = & (2L, + 8) (5; — 50) - 8 (V- V057).
which yields equation (15). O
Proof of Lemma 2. Substituting equations (15), (16) and (19) into equation (17) yields

% 2T = g s - 2N (& 7 0 = T % 7 ST 7 =g g
gt =30, - (QAFML@) (7 —s0)+= (Vﬁ —VQSQ)—%TJF@ AL 2+ Blaey + By, (53)

x|

In equation (53), term T, is defined in equation (13b), which is repeated below for convenience:

— —

I, = Vg + NTTT02§T2T35 + Tri;i(f.

Substituting equation (3b) for $ and recalling that Y is the diagonal covariance matrix of shock

Wr; with diagonals 05 and o2, we can write [, as follows

- = g1 g2 hi  h
I = qu + Np7 + T (54)
92 93 ha hs
where
0 0
”
Ve Vi

is the observed average covariance matrix of the monthly print volume from all devices in contracting

group r (equation (13a)), and g; and h; (i = 1,2, 3) are nonlinear functions of model parameters:

g1 = 0”(¢ + duc)’, (56a)
92 = 0°(¢b + Dve) (Pe + Phe); (56b)
g3 = 0 (e + bbe)”, (56¢)
hi = ¢jo} + b0, (56d)
ha = $he(D007 + dc0?), (56¢)
hs = $i.0p + d707- (56t)

10



Substituting equation (54) into equation (53) and writing all vectors in terms of their BW and
color components, we obtain the following two nonlinear random-effects models on the observed

BW and color monthly print volume, q:jb and ¢;;.. The model on the average BW volume q;fjb is

—

@y = GH(Kpjs K) +up + €l (57)

where errors u! and e} r; are as defined in the lemma and GY(K, ji ) is

G (Krj; K) = (s + dbethe) — <> < > <2:h1) K3 — (2/;\92> K

<2)\h2> + (db + Pue) BT KE — ( > <¢bc)

+ (2:) K2 — (¢0) K° = (d0e) K} 4 (00 + bne) (7 )Kﬁfv (58)

The model on the average color volume gy, is

—

e = GH(Kj; ) +u? + €2, (59)

where errors u? and e2; are defined in the lemma and G? (17, K) is

J
G2(Roji B) = -+ o) — (2 ) 1 = (R0 ) 12 - (e 12— (20 )
¢bc
K

(”hg) + (¢ + dpe) BT KS — () Kl - (i) K}

+ (2/:> K14 (¢bc) Kq}o - (‘bc) Ky}l + (¢b + ¢bc) (7 ) fé}f (60)

11



In equations (58) and (60), Y* (i = 1,...,14) are explanatory variables defined as follows

1 0 * 0 * 0 2 * 0 3 * 0
Kr = ‘/7"b (prb — Srb ) Vrbc (prc o S'rc) ) Kr = N7, (prb o Srb) ’ Kr =Tr (prb - Srb) ’
(61a)
4 * 0 5 * 0 6 T 7 * 0
Kr = Ny 7y (prc - Src) ’ Kr =Tr (prc - Src) ’ K’I‘ =W, Kr = Drp — Srb> (Glb)
8 * 0 9 10 * 11 *
K’I‘ = Prc = Sres Kr V;’bsrb V;”bc ey Kr = Drbs KT = Dres (610)
12 ~ 13 0 * 0 14 0 0
Krj = ZT]’ K Vrbc (prb - Srb) + Vrc (prc - Src) ) Kr = Vs V;"bc rb V;“c re*
(61d)

By definition, V-P7; = pyqar, + Pyedrj.- Thus, using models (57) and (59), the econometric

model with the variable payment as the response variable is:

x 32 r
VP =G (K A) + —l—em, (62)

—

where u? and efj are defined in the lemma and G?’([?rj; A) is the following nonlinear function of

model parameters

—

G(K, 53 K) = piy G (Bogi K) + p1, GA(Byys K). (63)

A.3 Proof of Lemma 3

Proof of Lemma 3. When the provider knows the type of each contracting group, it maximizes the
mean-variance objective MV, (F(6), P (6)) defined in equation (23), which is repeated below for the

reader’s convenience:

12



Because the company has no private information, the provider maximizes MV, (F(6), ]3(0)) of con-
tracting group r (r = 1,2, ..., R) subject to the participation constraint: E(gﬁ 0 [UT(ﬁT (0), F.(0), 0)]

Uy, where E@QE) is the expected utility over the contracting horizon, and Uy, is the reservation
utility of contracting group r as defined in Lemma 4.

From equation (34) and using u*(#) and wug, defined in equations (38) and (41), the (IR)
constraint can be rewritten as u*(0) > wg,. Thus, the provider’s contract design problem under

symmetric information is to maximize MV, (F (9),]3(9)) under the (IR) constraint u;*(0) > wo,.

At the optimal solution, the (IR) constraint is binding and thus
- . — T == .
(0,0 + G2 — Po(0)] @00+ i — P.(0)] — uoy- (64)

Substituting equation (64) into the mean-variance objective yields a concave function in the variable
price ]5;(9). Thus, the first-order condition yields that the optimal variable prices satisfy equation

(20). From equations (64) and (12), the optimal fixed price satisfies (21), completing the proof. [

B Computational details of estimating the econometric model pa-

rameters

We used Matlab for the maximum likelihood estimation (MLE) of the BW model, the Color
model, and the Payment model in Lemma 2. For each model, the built-in unconstrained opti-
mization functions fminsearch and fminunc with quasi-Newton algorithm is used (we apply logistic
transformation to & € [0, 1] and logarithmic transformations to A, ¢y, ¢¢, ¥y, Ve, 02, 02 and o2 so
that all parameters being estimated are defined on (—oo, +00)). The tolerance levels are 10~% for
both the objective function value and the variables. The maximum iteration is set to be 5000 and
the maximum number of function evaluations is set to be 80000.

In solving the optimization problem, we randomly generate 200 initial points for the solver.
Thus, the solver solves the same optimization problem 200 times from 200 initial points using
two algorithms fminsearch and fminunc. We then use the output that generates the highest log-
likelihood value as the point estimates. This way we can reduce the possibility of being trapped in

a local optimum. For a given set of initial points, solving the optimization takes about 20 seconds

13
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using fminunc and about 3 mins using fminsearch on a High Performance Computing node with
12 Intel processing cores and 48GB of memory.

Before working with real data, we carry out simulation and confirm that the best output can
recover the true parameter values used to generate the data. Furthermore, when varying the random
seeds and ranges for generating the initial points, the optimization procedure provides very similar
outputs, thus providing computational evidence for the numerical stability of our solution.

The confidence intervals are computed using parametric bootstrapping. Take the BW model
as an example. Let K denote the estimated value of the parameters from the BW model. With K,
we can compute G ([?Tj; X) and fully charaterize the distributions of u}! and eij in Lemma 2. We
obtain 44 samples from the estimated distribution of u! as the group-level errors, and obtain 1021
samples from the estimated distribution of efj as the printer-level errors. Adding these errors to the
mean GI(I?W-; K), we obtain a bootstrap data set. We carry out the same procedure as explained
above on this bootstrap data set to get a set of parameter estimates. We generate a total of 300
bootstrap data sets, and obtain 300 estimates of the parameters. We use the standard deviation of
these 300 estimates and the estimate from the actual data set to construct the confidence internvals.

(For more on parametric bootstrapping, see e.g., Ch. 6.5 in Efron and Tibshirani 1994).

C Alternative evidence of risk-aversion and out-of-sample tests

C.1 Alternative evidence of provider’s risk-aversion

Table 2 shows that the RA assumption holds under different model specifications. However,
given the complexity of the nonlinear random-effects models in Lemma 2, concerns on the robustness
of the result may still arise. In this subsection, we show that our result is robust by testing the

following hypothesis using a reduced-form approach.

Hypothesis 1.

(Ho) The provider is risk-neutral.

(Hy) The provider is risk-averse.

From Theorem 1, the contract prices depend on the covariance matrix of the monthly print

14



volume, 1_/;]- (equation (10)), only when the provider is risk-averse. Consequently, the company’s
print volume and monthly payment depend on 1_/;]- only when the provider is risk-averse. This means

that under the null hypothesis (Hp), the observed average BW print volume ¢ jb» Average color print

*
777

volume ¢y, and the average variable payment V' P;;, would not depend on the covariance matrix
V;j. Under the alternative hypothesis (H;), however, q’;jb, q;fjc, and V P7; would depend on V,;.
This observation allows us to test Hypothesis 1 by doing likelihood ratio tests, as explained below.

Use y};j as the generic notation for the response variable in the model, where i € {B,C, P}
indicates whether yﬁ j equals the average BW print volume ¢ b the average color print volume ¢ e
or the average variable payment VP;'EJ-. Then the null hypothese (Hy) predicts the following linear

random-effects model, henceforth referred to as model (RN;):
(RN’L) y:"] = 046 + azlfr + aéprb + aéprc + (OLZ) WT + agsrjb + az657“j0 + a'ZYZTj + O:’ + Z:“ja (65)

where (f,pk,, Pr.) are the contract prices, (srjp, srjc) are the variable service costs, W, and Z,; are
demographic characteristics, and o’ and zf,j are hierarchical errors.

Hypothesis (Hp) predicts the following model, henceforth referred to as model (RA;):

(RA;) Ypj = ap + ol f 4+ agpr, + aspr. + (afl) Wy + agspjp + agSrjc + 0 Zyj

+ (agVrjy + 9 Vije + o Vijse) + 0k + 215, (66)

where (Vyjp, Vije, Vijie) are the variance and covariance of the monthly print volume (equation (10)).

Equations (RN;) and (RA;) are nested random-effects models. Thus, the task of testing Hy-
pothesis 1 reduces to a likelihood ratio test between (RN;) and (RA;). If (Hp) holds, then (RA;)
would not provide a better fit to the data than (RN;), and the coefficients of the variance terms
Vijbs Vrje and Vi would not be significant. The top panel of Table 3 presents the results when
testing (RN;) and (RA;) models using the 1,021 printers with cost data. We observe that, for all
three choices of response variable, the RN assumption is rejected and the variance terms V,jc, Vyje,
and V.. are statistically significant.

Finally, to be able to use all 3,065 printers in the test, we remove the variable service costs

(Srjbs Srjc) from the list of explanatory variables on the right sides of models (RN;) and (RA;).

15



Re-running the estimation and the likelihood ratio tests generates results in the bottom panel of
Table 3. We report that these expanded tests still reject the null hypothesis that the provider is
risk-neutral, with statistically significant variance terms V,.jc, Vje, and Vi.jpc.

Table 3: Reduced-form analysis results

L.R.T. stands for “likelihood ratio test.”

t-values of coefficients

Response p-values of L.R.T. Viip Vieje Vi jbe

1021 printers with cost data

0 < 2.2E-16 15 2 2

Qrje < 2.2E-16 -0.5 18

VP < 2.2E-16 3 17 0.3
All 3075 printers

Qi < 2.2E-16 33 3 5

0 < 2.2E-16 0.5 42

VP < 2.2E-16 6 27 4

C.2 Out-of-sample tests

In this subsection, we perform out-of-sample tests to check whether the contract prices and print
volumes predicted by our model agree with the observations. Due to the hierarchical structure of
our model, we do the tests on the contracting group level. Specifically, we split the printers within
a contracting group into two sub-groups: in-sample (90% of the printers) and out-of-sample (10%
of the printers). By our assumption, printers in these two sub-groups have the same private type
f and thus the same group-level WTP E . Hence, we can use the in-sample printers to find the
true average group-level WTP 0,0, (Lemma 1), and then use these estimated WTPs to predict
the contract prices (Theorem 1) and average print volumes (equation (5)) for the out-of-sample
printers. If our contracting model is a good approximation of practice, then our WTP estimate,
\I7T0T, should be close to the true baseline WTP of the test printers. Further, the predicted contract
prices and volumes should be able to explain the observations from the out-of-sample printers.

Next we describe how we implement this test. There are 44 contracting groups in our data set
and, among the 44 contracting groups, 18 groups contain at least ten printers. To have adequate

data for the in-sample estimation, we only use these 18 groups for out-of-sample tests. Within

16



each contracting group, we randomly select 90% of the printers as the in-sample printers, and the
remaining 10% as the test printers. We pool the observations from all in-sample printers together,
estimate the model parameters, and use Lemma 1 to find the average group-level WTPs 0,0, of
each contracting group. By Lemma 1, we need to know T, to estimate U,0,. Thus, we only use
the Payment model in Lemma 2 for the in-sample estimation.

We use Theorem 1 with the estimated WTP 0,6, to predict the contracts and print volumes for
the out-of-sample printers. Comparing the predicted variable prices with the true contract prices,
we report that the R-squares are 0.33 and 0.21 for the BW and color variable prices, and is 0.51 for
the fixed price. Comparing the predicted average print volumes with the observations, we report

that the R-squares are 0.11 and 0.24 for the BW and color volumes, respectively.
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