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Abstract 
In a supply chain coordinated by a revenue sharing contract, under-reporting of sales revenue has been a common practice 

amongst retailers who always have private information about the market demand. In this article, we aim to design a 

mechanism to mitigate this problem. One may design a contract to elicit truthful information from the retailer while 

maximizing supplier’s payoff. However, we find that such contracts fail to coordinate the supply chain, when the market 

demand is high. Hence, we study an audit-based revenue sharing contract. First, we design a laboratory experiment to 

investigate the impact of retailer’s decisions on the subsequent choices made by the supplier. We find that the audit 
probability chosen by the supplier increases with the gap between retailer’s order quantity and the sales reported by the 

retailer. We follow this up with a simulation experiment which incorporates the findings of our laboratory experiment. 

Audit cost and the penalty announced by the supplier for not reporting true sales turned out to be important in making 

decisions for both the players. We also find the threshold auditing cost beyond which auditing is not economically viable 

for the supplier. 

 

Keywords- Supply chain, Revenue sharing contract, Information asymmetry, Dishonesty. 

 

 

 

1. Introduction 
In a revenue sharing contract, the problem of under-reporting of sales is common when a retailer 

possesses private information about demand. This information provides him (without loss of 

generality, we refer to the retailer as “he” and the supplier as “she”) scope to understate sales. 

Under-reporting sales figure results in the retailer transferring lower than the contracted share of 

the revenue to the supplier. This underreporting of sales can be termed as cheating on part of the 

retailer (Heese and Kemahlioglu-Ziya, 2014). This problem has been extensively studied in the 

contract theory literature. 

 

Two major approaches have been proposed towards the solution of this problem: The first approach 

is to elicit private information from the informed player; while the second is to discourage the 

informed player from cheating. With the first approach, various mechanisms have been proposed 

for the principal (the uninformed party, that is, the supplier in our case) based on the principles of 

individual rationality (IR) and incentive compatibility (IC) to elicit truthful information from the 
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agent (the informed party e.g. the retailer in our case). For example, Arya and Mittendorf (2004) 

propose a return policy in the quantity contract to know the exact demand; Corbett and de Groote 

(2000), Corbett (2001), Corbett and Tang (1999), Ha (2001) address the issue of an agent holding 

private information about cost; Corbett et al. (2004), and Burnetas et al. (2007) address the issue of 

inflating forecast by the agent (supplier) to the principal (manufacture) in order to get higher 

capacity allocation. However, one basic assumption of these studies is that the demand distribution 

is common knowledge to the parties in the supply chain. In this work, we have assumed asymmetry 

in the demand distribution between the players. This is a reasonable assumption since, in this era 

of globalization when the firms are based in different locations across the world, the supplier’s 
belief about the market demand may be different from the information available with the retailer. 

 

The second approach addresses this problem by designing audit policy and punitive measures in 

the revenue sharing contract. Under these mechanisms, the contract provides the principal the right 

to audit the revenue reports based on pre-determined criteria. This approach is majorly adopted to 

study the problem of tax evasion and design framework for a regulatory body. Within this context 

of tax evasion, Baron and Besanko (1984), Laffont and Tirole (1986) consider a regulator’s 
perspective where the agent reports its cost structure for a product; Kaplow and Shavell (1994) 

propose a solution to enable self-reporting of crimes by an individual; Kofman and Lawarree (1993) 

address the problem of an agent colluding the internal auditor where the audit process is not 

foolproof; Skinner and Slemrod (1985), Crocker and Slemrod (2005), Sandmo (2005) model the 

tax enforcement perspective. Our scenario differs from the above as in our case supplier’s revenue 
is a function of the retailer’s ordering decision while retailer’s ordering decision is a function of the 

contract terms. Heese and Kemahlioglu-Ziya (2014) address this problem from a supply chain 

perspective. However, they also consider demand distribution to be a common knowledge for the 

players. 

 

Extensive empirical works have been reported in the literature on behavioural cheating. Impact of 

various factors have been studied, viz. monitoring (Fischbacher and Follmi-Heusi, 2013; 

Schweitzer et al., 2016, etc.); incentives (Mazar et al., 2008; Gill et al., 2013, etc.). However, no 

experimental study could be identified on this problem in the context of a retail supply chain which 

differs from the aforesaid situations where the supplier must decide her action ex ante the 

realization of market demand. 

 

In this study, we consider both the approaches mentioned above. Towards the first approach of 

eliciting true information from the retailer, we design a menu of contracts which is optimal for the 

supplier. An “optimal” contract is the one which gives maximum expected profit to a supplier given 

that the retailer gets his reservation profit. Here, the reservation profit is the lowest profit at which 

the retailer accepts a contract. Unlike the models available in literature, we assume that the retailer 

and the supplier have different beliefs about the demand distribution. For the second approach of 

preventing the retailer from under-reporting, we perform a randomized controlled experiment to 

investigate how the audit decision is influenced by retailer’s decisions. Building on findings from 

it we performed a simulation experiment to investigate different parameters which should be 

considered by a supplier in designing an audit-based contract to obtain maximum payoff. 

 

This paper has been organized as follows: in the next section, we design a menu of contracts for 

the suppliers under a two-part demand distribution. In Section 3 we report our controlled 

experiment while Section 4 describes our simulation experiment. Section 5 concludes and 

summarizes our findings. 
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2. Contract to Elicit Truthful Information from the Retailer 
The supply chain under the consideration comprises of one retailer and one supplier. The supplier 

produces a product at a unit cost c, gives it to the retailer at unit wholesale price w. The retailer 

sells the product in open market at a retail unit price r. For every unit of product sold, the contract 

stipulates a transfer of α fraction of the sales revenue, r. Salvage value of unsold quantity and 

goodwill cost of unmet demand is assumed to be zero. The market can assume two states: low (L) 

and high (H). Demand follows pdf 𝑓𝐿(𝑥) and𝑓H(𝑥) in low and high states respectively such that 𝐹𝐻(𝑥) > 𝐹𝐿(𝑥), ∀x ≥ 0 where 𝐹𝑖(𝑥),  i = 𝐻, 𝐿 denotes the cdf of demand. The retailer knows for 

sure which demand state the market will assume – even though he doesn’t know the exact demand 
till it is realized. Hence, we designate a retailer corresponding to a market state i (i=H, L), to be of 

retailer type (i). On the other hand, the supplier only has a subjective assessment p for the low 

demand state, and this is her private information. In order to know the retailer type, she offers a 

menu of contracts (𝑤𝑗, α𝑗, 𝑇𝑗)  where j also takes value in {H, L} corresponding to the supplier’s 
belief about the market state, so that the selection of the contract by a retailer reveals his type and 

in turn the market state. Here 𝑇𝑗(j = 𝐻, 𝐿) are fixed fees the retailer needs to pay at the beginning. 

This may be assumed as franchisee fee. We designate a contract (𝑤𝑗, α𝑗, 𝑇𝑗) as contract type j where 

j = H, L. The supplier needs to decide the contract parameters viz. 𝑤𝑗, α𝑗, 𝑇𝑗 such that a retailer type 

L (H) does not have any incentive to choose a contract type H (L) and at the same time maximizes 

her expected profit. However, there might be a deviation from this since a supplier might not know 

the retailer’s reservation profit. Thus, if a retailer type i chooses contract type j, his profit as a 

function of the menu is given by Eq. (1): 

 π𝑖𝑅(𝑤𝑗, α𝑗, 𝑇𝑗, 𝑄)           = −𝑤𝑗Q + r(1 − α𝑗)E{min(𝐷, 𝑄)} − 𝑇𝑗 = −𝑤𝑗Q + r(1 − α𝑗) ∫ 𝐹𝑖̅(𝑥)𝑑𝑥𝑄0 − 𝑇𝑗                                                    (1) 

 

where, 𝐹𝑖̅(𝑥) = 1 − 𝐹𝑖(𝑥) and, min(𝐷, 𝑄) = ∫ 𝑥𝑓(𝑥)𝑑𝑥𝑄0 + ∫ 𝑄𝑓(𝑥)𝑑𝑥.∞𝑄  

 

We arrived at Eq. (1) using the Expectation theorem, ∫ 𝑥𝑓(𝑥)𝑑𝑥𝑦0 = yF(𝑦) − ∫ 𝐹(𝑥)𝑑𝑥𝑦0 . 

The decision of the supplier needs to be set such that the retailer orders optimally. The optimal 

quantity (𝑄𝑖𝑗) of a retailer type i if he chooses contract type j is 

 𝑄𝑖𝑗 = arg𝑚𝑎𝑥𝑄  π𝑖𝑅(𝑤𝑗, α𝑗, 𝑇𝑗, 𝑄) ⇒  (1 − α𝑗)r𝐹𝑖̅(𝑄𝑖𝑗) = 𝑤𝑗                                                                (2) 

 

Substituting Eq. (2) in Eq. (1) 

 πiR (𝑤𝑗, α𝑗, 𝑇𝑗, 𝑄𝑖𝑗) = r(1 − α𝑗) ∫ 𝑥𝑓𝑖(𝑥)𝑑𝑥𝑄𝑖𝑗0 − 𝑇𝑗                                                                           (3) 

 

Supplier’s profit, 

 π𝑖𝑠(𝑤𝑗, α𝑗, 𝑇𝑗) = (𝑤𝑗 − 𝑐)𝑄𝑖𝑗 + rα𝑗min{𝑄𝑖𝑗, D} + 𝑇𝑗 

=(𝑤𝑗 − 𝑐)𝑄𝑖𝑗 + rα𝑗 ∫ 𝐹𝑖̅(𝑥)dx𝑄𝑖𝑗0 + 𝑇𝑗                                                                    (4) 
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Now, the problem of the supplier is to maximize her expected profit subjected to the individual 

rationality (IR) and the incentive compatibility (IC) constraint of the retailer. The supplier’s 
problem, given the retailer’s reservation value (⍴), is represented as follows:  

 maxwL,αL,TL,wH,αH,TH πS = pπ𝐿𝑆(𝑤𝐿, α𝐿 , 𝑇𝐿) + (1 − 𝑝)π𝐻𝑆 (𝑤𝐻 , α𝐻 , 𝑇𝐻)                                                 (5) 

 

s.t. π𝐿𝑅(𝑤𝐿 , α𝐿, 𝑇𝐿 , 𝑄𝐿𝐿) ≥ ⍴ (IR-1) 

 π𝐻𝑅 (𝑤𝐻 , α𝐻 , 𝑇𝐻 , 𝑄𝐻𝐻) ≥ ⍴ (IR-2) 

 π𝐿𝑅(𝑤𝐿 , α𝐿, 𝑇𝐿 , 𝑄𝐿𝐿) ≥ π𝐿𝑅(𝑤𝐻 , α𝐻 , 𝑇𝐻 , 𝑄𝐿𝐻) (IC-1) 

 π𝐻𝑅 (𝑤𝐻 , α𝐻 , 𝑇𝐻 , 𝑄𝐻𝐻) ≥ π𝐻𝑅 (𝑤𝐿, α𝐿 , 𝑇𝐿 , 𝑄𝐻𝐿) (IC-2) 

 

From Eq. (2), we have: 

 QHL = FH−1[FL(QLL)] ⇒   ∂𝑄𝐻𝐿∂𝑄𝐿𝐿 = 𝑓𝐿(𝑄𝐿𝐿)𝑓𝐻(𝑄𝐻𝐿)                                                                                       (6) 

 

The supplier will get higher wholesale revenue if the retailer orders higher quantity even in the low 

demand state. On the contrary, if the retailer orders low quantity even in higher market state, it is 

not beneficial for both the parties. Hence, Eq. (IC-1) should be binding in the optimal condition; 

Also, in the optimal condition Eq. (IR-1) should be binding, otherwise by adjusting 𝑇𝐿 the supplier 

can do this. Moreover, Eq. (IR-1) and Eq. (IC-2) imply Eq. (IR-2), hence is redundant. Thus, the 

supplier’s problem reduces to Eq. (5), subject to Eq. (IR-1), Eq. (IC-1) and Eq. (IC-2). From Eq. 

(IR-1) and Eq. (IC-1) respectively, we have 

 πLR(wL, αL, TL, QLL) = ρ     ⇒ TL = (1 − αL)r ∫ xfL(x)dxQLL0 − ⍴                                                   (7) 

 π𝐿𝑅(𝑤𝐿 , α𝐿, 𝑇𝐿 , 𝑄𝐿𝐿) = π𝐿𝑅(𝑤𝐻 , α𝐻 , 𝑇𝐻 , 𝑄𝐿𝐻) ⇒  𝑇𝐻 = (1 − α𝐻)r ∫ 𝑥𝑓𝐿(𝑥)𝑑𝑥𝑄𝐿𝐻0 − ⍴                                                                                             (8) 

 

Substituting the values from Eq. (2), Eq. (4), Eq. (7) and Eq. (8) in Eq. (5), the supplier’s expected 
profit is: πS = p [(r − c)QLL − r{QLLFL(QLL) − ∫ xfL(x)dx}QLL0 ]+ (1 − p) [{(1 − αH)r − c}QHH − (1 − αH)r{QHHFH(QHH)− ∫ xfL(x)dx}QLH0 + αHr ∫ FH̅̅̅̅ (x)dxQHH0 ] − ⍴ 

 

 

 

 

 

(9) 
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The first-order derivatives of Eq. (9) are, ∂πS∂αL = 0 
(10) 

∂πS∂αH = r(1 − p) [∫ xfH(x)dxQHH0 − ∫ xfL(x)dxQLH0 ] ≤ 0 (proof in Appendix A.1) 
(11) 

∂π𝑆∂𝑄𝐿𝐿 = p [(𝑟 − 𝑐) − 𝑟{ ∂∂𝑄𝐿𝐿 𝑄𝐿𝐿𝐹𝐿𝑄𝐿𝐿 − ∂∂𝑄𝐿𝐿 ∫ 𝑥𝑓𝐿(𝑥)𝑑𝑥}𝑄𝐿𝐿0 ]+ (1 − 𝑝) [− ∂∂𝑄𝐿𝐿 ∫ 𝑥𝑓𝐿(𝑥)𝑑𝑥𝑄𝐿𝐻0 ] 

           = p[(r − c) − r FL(QLL)] 
 

 

 

 

(12) 

 

 ∂π𝑆∂𝑄𝐻𝐻 

 

= (1 − 𝑝) [(1 − α𝐻)r − c − (1 − α𝐻)r{ ∂∂𝑄𝐻𝐻 𝑄𝐻𝐻𝐹𝐻(𝑄𝐻𝐻)− ∂∂𝑄𝐻𝐻 ∫ xfL(x)dx}QLH0 + rαH ∂∂𝑄𝐻𝐻 ∫ 𝐹𝐻̅̅̅̅ (𝑥)𝑑𝑥𝑄𝐻𝐻0 ] 

 

 

Substituting from Eq: (6) 

 ∂π𝑆∂𝑄𝐻𝐻 
= (𝑟 − 𝑐) − r𝐹𝐻(𝑄𝐻𝐻) − r(1 − α𝐻)𝑄𝐻𝐻𝑓𝐻(𝑄𝐻𝐻) (13) 

 

For first order necessary condition of optimality, we equate Eq. (10), Eq. (11), Eq. (12), and Eq. 

(13) to zero. We have the following optimal solution. 

 α𝐿∗ … Not unique (14) α𝐻    ∗ α ≤ α ≤ 1 (15) 𝑄𝐿𝐿∗ = 𝐹𝐿−1 (𝑟 − 𝑐𝑟 ) 
(16) 

𝐹𝐻(𝑄𝐻𝐻∗ ) + (1 − α𝐻∗ )𝑄𝐻𝐻∗ 𝑓𝐻(𝑄𝐻𝐻∗ ) = r − cr  
(17) 

 

In Eq. (15) α is any value of revenue transfer fraction less than α which might be acceptable to the 

supplier. The optimal value of the other parameters can be calculated by substituting the above 

values in Eq. (7) and Eq. (8). In case of a coordinated supply chain under a revenue sharing contract, 

the optimal ordered quantity by a retailer satisfies the condition 𝐹(𝑄) = 𝑟−𝑐𝑟  where the supplier’s 
decision satisfies the relation 𝑤 = (1 − α)𝑐 (Cachon and Lariviere, 2005). From Eq. (16), Eq. (17) 

it is seen that 𝑄𝐿𝐿∗  satisfies the coordinating condition while 𝑄𝐻𝐻∗  does so only if α → 0. This implies 

that the supplier should extract all the sales revenue from the retailer which is practically infeasible. 

Thus, the above menu of contracts coordinates the supply chain only under low demand scenario. 
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Since eliciting true information from the retailer works in a limited sense, we turn our attention to 

the second approach. We now analyze an audit-based contract. 

 

3. Effect of an Audit in a Revenue Sharing Contract: Experimental Study 
An implicit assumption in the classical revenue sharing contract (Cachon and Lariviere, 2005) is 

that the retailer always reports the actual revenue. However, to achieve contract compliance in 

practice, firms need to resort to auditing. As discussed earlier, auditing is predominant in the tax 

evasion scenario (Townsend, 1979; Sandmo, 2005 etc.). In this section, we investigate how the 

audit decision of a supplier is influenced by any mismatch between the retailer’s ordered quantity 
and the reported sales figure. We define Suspect-ratio as: 

 

Suspect-ratio = Ordered quantity − Reported quantity
Ordered quantity

. 
 

Intuition is that, with the increase in Suspect-ratio, a supplier should be more vigilant resulting in 

an increased audit probability. Therefore, we posit that 

 

Hypothesis: Supplier’s audit probability increases with the Suspect-ratio. 

 

We conduct laboratory experiment to investigate our hypothesis in a two-stage supply chain where 

the market demand is visible only to the retailer. 

 

3.1 Experimental Procedure 
Several teams of two students were created. In each team, one member played the role of a retailer, 

while the other a supplier. Our experiment was in the form of an online game. We recruited 144 

students from a premier technological university in India. Formation of teams and assignment of 

roles to the team members were done randomly. Team members were kept anonymous of each 

other. We controlled the market demand. 

 

At the beginning of the game, instructions were displayed at the game terminals. Manipulation 

check was done and only those who passed it proceeded to the game. Everyone was provided with 

two years of historical demand information. Market demand followed Unif [50, 100] and this was 

common information. However, the exact realization of demand in a month was only visible to the 

retailer. The supplier’s only source of knowledge is a sales report submitted by the retailer at the 

end of the month. 

 

At the beginning of a month (a month corresponds to a round in the game), both the players in a 

team were required to forecast demand for that month independently based on the two years history 

provided. The supplier was provided with the history of sales report while the retailer with the 

demand realization. Thereafter, the participant who plays the role of the retailer placed order (Q), 

the participant who plays the role of the supplier is supposed to have produced those at a unit cost 

(c) INR 20, and sold to the retailer at a unit wholesale price (w) INR 30. Subsequently, market 

demand (D) was revealed. Retailer met the market demand (min{D,Q}) at unit retail price (r) of 

INR 100. For every unit sold in the market, he shares (α) 25% of the sales revenue. Thereafter, the 

retailer decided the quantity to be reported (R) which appeared on the supplier’s terminal and 

revenue share (fraction of the reported sales) was added to her account from the retailer’s. The 

supplier could call for an audit if she wanted to verify the reported sales, by paying a fee (𝐶𝑎) INR 

100. The retailer was notified (through the game) of the supplier’s audit decision and the retailer 
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had under-reported the sales, the unreported revenue share along with a penalty (T) of INR 150 was 

deducted from his account and was added to the supplier’s if an audit was called. Payoffs for the 

supplier (πS) and the retailer(π𝑅) appeared on their respective screens which were calculated as: 

 πS = −𝑐𝑄 + wQ + αrR + γS[δ𝑅{αr(A − R) + T} − Ca] (18) π𝑅 = −wQ + rA − αrR − γSδRT (19) 

 

Here, A is the actual sales, γ𝑆 takes value 1 if the supplier decided to call an audit, and 0 otherwise 

while δ𝑅 becomes 1 if the retailer cheated in that month, and 0 otherwise. 

 

The game was stopped in an arbitrary month for different teams. But they played for a minimum 

of seven months. We calculated the Suspect Ratio of each month for each supplier and the number 

of times they called audit in the game horizon. 

 

3.2 Results 
Suspect ratio is on a continuous scale in [0, 1]. We divide this range in four equal buckets each of 

length 0.25. The buckets are labelled as B1 (0-0.25), B2 (0.25-0.5), B3 (0.5-0.75) and B4 (0.75-

1.0). There the numbers in the brackets indicate the range of values for the suspect ratio. We count 

the number of times each supplier called for an audit in the game horizon and calculated the average 

count by diving it by the length of the game horizon (which was 7). These are termed as Normalized 

Audit Count (NAC). We performed one-way ANOVA test among these buckets of Suspect Ratio 

with average number of audits per month as the dependent variable. 

 

 
Table 1. Games-Howell multiple comparisons 

 

Suspect ratio (A) Suspect ratio (B) Mean diff. (A-B) Std. error Sig. 

B1 

B2 -0.002 0.002 0.801 

B3 -0.013* 0.003 0.001 

B4 -0.023* 0.003 0.000 

B2 

B1 0.002 0.002 0.801 

B3 -0.010* 0.003 0.004 

B4 -0.021* 0.003 0.000 

B3 

B1 0.013* 0.003 0.001 

B2 0.011* 0.003 0.004 

B4 -0.010 0.004 0.086 

B4 

B1 0.023* 0.003 0.000 

B2 0.021* 0.003 0.000 

B3 0.010 0.004 0.086 

 

 

The homogeneity assumption was not satisfied (Levene test turned out to significant). Hence, we 

performed Welch’s ANOVA (Welch, 1951) followed by Games-Howell post-hoc test (Games and 

Howell, 1976). ANOVA turned out to be significant (𝐹(3,112,0.05) = 19.903, 𝑝 = .000). This 

implies that the mean suspect ratios are significantly different across the buckets. The results of 

post-hoc test are shown in Table 1. From mean differences between the buckets, it is evident that 

the average number of audit increases from bucket B1 to B4. However, there is no significant 

increase from B1 to B2 and B3 to B4. This supported our hypothesis that supplier’s audit 
probability increases with Suspect Ratio. Intuitively, a retailer should order less if he forecasts low 

demand in the market.  Hence, greater the difference between ordered quantity and reported 
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quantity, higher should be the supplier’s suspicion and hence increased audit probability. 
 

The mean normalized audit count (MNAC) of the respective Suspect Ratio buckets are plotted in 

Figure 1. It shows a linear trend of the MNACs across the Suspect Ratio buckets. 

 

 

 
 

Figure 1. Trend of mean normalized audit count (MNAC) across the suspect ratio buckets 

 

 

4. Simulation Study 

In practice, a supplier conducts audit to check the authenticity of the information provided by the 

retailer by comparing the retailer’s sales reports and the order quantities. But invoking an audit 

every time she suspects the sales could typically be costly and cumbersome. This brings in the 

possibility of a probabilistic audit where the supplier audits a random sample of sales reports rather 

than each one. The experiment also proved that the supplier doesn’t call for an audit frequently 
(hence the normalized audit count value in the Figure 1 is quite low). In this section we find out a 

few factors which help devise strategy for the supplier in deciding on the audit probability. 

 

We assume that the supplier has contract history with the retailer. This history brings the following 

details: (i) the retailer’s order quantity, (ii) the sales reported by him, (iii) the supplier’s audit 
decisions and (iv) whether the retailer cheated or not (known only when an audit was conducted). 

Our objective is to develop a simulation model to decide on the parameters of an optimal audit 

policy that maximizes supplier’s expected profit in such a scenario. 

 

Players in our model have their own demand forecast which may not be the same. This is because 

retailer’s actual sales history might differ from what he reports to the supplier. We further assume 

that the retailer does not cheat during the period of low market demands (since that is not rational 

for the retailer). Both the parties are assumed to maximize their individual utilities. The sequence 

of events is shown in Figure 2. 
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Figure 2. The timeline of events 

 

 

We use similar notations for the parameters as defined in Section 3.1. The supplier divides the 

range of reported sales quantity into two buckets: low demand, QL ∈ [a, b]  and high demand, 𝑄𝐻 ∈(𝑏, 𝑐]. Respective probability density functions (pdf) for the market states, 𝑓𝑖(𝑥);  𝑖 = {𝐿 =low,  𝐻 = ℎ𝑖𝑔ℎ} are calculated using historical sales report. Similar to what we assume in Section 

2, the supplier has subjective probability p with which she believes that the market will assume low 

demand state. Payoffs of the supplier (πS) and the retailer (πR) are: 
 π𝑆 = −cQ + wQ + αrR + P(𝑄, 𝑅){δ𝑅T(𝐴′, 𝑅) − 𝐶𝑎} (20) πR = −wQ + rA + [Q − D]+s − [𝐷 − 𝑄]+g − α𝑟𝑅 − P(𝑄, 𝑅)δ𝑅T(𝐴, 𝑅) (21) 

Where, s and g respectively denote the salvage revenue for an unsold unit and good-will loss of an 

unmet market demand at the month end; P(Q,R), T(A,R) denote respectively the probability of audit 

and the penalty imposed on the retailer if his cheating is caught during an audit. The supplier’s 
expected actual sales (𝐴′) calculated on the history of sales report she possesses is given by 𝐴′ =𝑝𝑄𝐿 + (1 − 𝑝)𝑄𝐻 . Our experiment in Section 3 infers that the audit probability has linear trend 

with Suspect Ratio. Hence, we define 𝑃(𝑄, 𝑅) = 𝛾 (𝑄−𝑅𝑄 ) where γ is the weight which measures 

how much importance the supplier attaches to a mismatch between Q and R. This can assume any 

positive value. A higher value of this weight implies a highly suspicious supplier. Since this also 

implies a high audit probability, this increases the audit cost of the supplier. We assume that the 

supplier would not audit when 𝑄 ∈ 𝑄𝐿 since expected recovery is low compared to the audit cost 

whereas she will always audit if 𝑄 ∈ 𝑄𝐻 and 𝑅 < 𝐴′ since this is an indicator of under-reporting 

by the retailer. If 𝑄 ∈ 𝑄𝐻 and 𝑅 ≥ 𝐴′ she has to decide P(Q,R). We further assume the penalty 

function to be 𝑇(𝐴, 𝑅) = θ(𝐴 − 𝑅)𝑟 for our simulation, where θ > 0 is the penalty factor. We 

restrict θ ≤ 3 since larger penalty may not be enforceable due to the prevailing laws. 

 

4.1 Simulation Algorithm 
A Monte Carlo (MC) algorithm has been developed using Python language. We design two classes 

for our algorithm viz. History and Game. History generates the contract history for n number of 

periods which includes the fields: (i) actual market demand (A), (ii) reported demand (R), (iii) 

whether audit was called or not and, (iv) the supplier’s expected market demand (𝐴′).  Game 

develops the game between the players by (i) generating the penalty (𝑇(𝐴, 𝑅)) and the audit 
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probability (𝑃(𝑄, 𝑅)), (ii) generating the retailer’s order quantity (Q) and reported quantity (R), 

(iii) providing the supplier’s decision to audit or not. 
 

4.2 Performance Measures 
We have three performance measures: (i) the Supplier’s profit improvement factor (SPIF) which is 

defined as the ratio of her post-audit profit to pre-audit profit. A non-negative SPIF implies the 

audit is a success i.e. audit has been called appropriately. (ii) the Retailer’s failure ratio (RFR) 

which is the ratio of the number of times he is caught cheating because of audit to the number of 

times he has cheated the supplier. If a retailer cheats in a month but he has not faced an audit, this 

is a success to him. (iii) the Supplier’s success ratio (SSR) which is defined as the proportion of 

times a retailer is caught cheating when an audit is conducted to the number of times the supplier 

calls for audit. That way, as the aim of audit is to catch the cheating retailer, it can be called as 

supplier’s success. Supplier’s decision in the game is assessed and analyzed with these performance 

measures by varying the parameters viz. penalty factor (θ), suspicion weight (γ) and, audit cost 

(𝐶𝑎). 

 

4.3 Results 
All the analysis in this section is carried out with 10,000 replications, for at this level the Monte 

Carlo (MC) simulation error is very close to zero (0.01, 0.02 and 0.01 for SPIF, SSR and RFR 

respectively). The parameter values we considered are c = 20, w = 30, r = 100, α = 0.2, s = 0, g = 

0, 𝐶𝑎= 150, θ = 2. 

 

 

Figure 3. Effect of suspicion weight (γ) on supplier’s success ratio 
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Figure 4. Effect of suspicion weight (γ) on retailer’s failure ratio 

 

 

 
 

Figure 5. Effect of the penalty factor (𝜃) SSR and RFR 
 

 

From Figure 3 and Figure 4 we can infer that with the increase in suspicion weight (γ), both SSR 

(Figure 3) and RFR (Figure 4) increase. However, the SPIF decreases with increase in cost of audit 

(Figure 6). Cost of audit is a function of suspicion weight (γ). This weight should be decided such 

that the expected recovery from auditing is greater than the cost incurred in the audit process. 

Beyond a threshold audit cost (Rs. 1000), auditing is not economically viable as SPIF falls below 

1 which means that the supplier earns less by auditing. In reality, the audit cost is determined by 
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the market. Thus, the supplier must make the decision to audit based on the estimated audit cost.  

 

From Figure 5 it is evident that the effect of the penalty factor (θ) has similar trend on both SSR 

and RFR. Since, the penalty factor (θ) is a hyper- parameter chosen by the supplier, she could 

choose the one that provides her the highest utility taking to consideration the retailer’s reservation 
profit in her calculations. 

 

 

 
 

Figure 6. Effect of audit cost on SPIF 
 

 

5. Conclusion 
When information is equally available to all the parties in a supply chain, traditional revenue 

sharing contract is helpful in coordinating the supply chain. However, when the retailer possesses 

private information, the supplier should adopt means to counter the problem of revenue under-

reporting. Our work addresses this problem and it aims at finding strategies for the supplier. We 

design an optimal menu of contract for the supplier to extract truthful information from the retailer 

(party having superior information). We model our problem with a two-part demand estimates for 

the supplier which is different from the retailer’s demand estimates unlike the existing models in 

the literature. However, the menu of contracts cannot coordinate the supply chain in a high demand 

market state. Therefore, we explore the option of an audit-based revenue sharing contract. We 

perform a laboratory experiment to study how the supplier’s audit decision is influenced by the 

retailer’s decisions. We find that the audit probability chosen by the supplier increases with the 

retailer’s order quantity and the reported sales. From the simulation experiment, it appeared that a 

retailer cheats frequently when both audit probability and the penalty is low. Moreover, there is a 

threshold for the audit cost beyond which auditing is not economically profitable to call an audit. 
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Our findings are helpful for a manager in the supplying firm to design contract under asymmetric 

information. The parameters of the menu of contracts proposed by us are easy to calculate. These 

contracts will help her understand the limitation of a contract mechanism to elicit truthful 

information. Alternatively, if she wants to adopt an audit process, our findings from the simulation 

experiment will help him identifying a few factors to make it effective. 

 

Analytical model to design a game with reputation loss of the supplier where she calls an audit 

even when the retailer reports the truth could be an interesting future direction. Exploring retailer 

types based on their reaction to an audit in a contract could be another interesting direction for 

future work. 
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Appendix 

A1. Proof for Eq. (11) 

Let , 𝐾(𝑄𝐻𝐻) = ∫ xfH(x)dxQHH0 − ∫ xfL(x)dxQLH0  ⇒ 𝐾′(𝑄𝐻𝐻) = 𝑄𝐻𝐻𝑓𝐻(𝑄𝐻𝐻) − 𝑄𝐿𝐻𝑓𝐿(𝑄𝐿𝐻) ∂𝑄𝐿𝐻∂𝑄𝐻𝐻                                                                  (A1.1) 

 

Here,𝑄𝐿𝐻 = 𝐹𝐿−1[𝐹𝐻(𝑄𝐻𝐻)] ⇒ FH(y) = FL(Z(y)) where y = QHH such that   Z(y) =QLH                                                     ⇒ fH(y) = fL(Z(y)). Z′(y) 

Then, Eq. (A1.1) becomes,  𝐾′(𝑄𝐻𝐻) = y𝑓𝐻(𝑦) − Z(𝑦)𝑓𝐿(𝑍(𝑦))𝑍′(𝑦) = 𝑦𝑓𝐿(𝑍(𝑦)). 𝑍′(𝑦) − 𝑧(𝑦)𝑓𝐿(𝑍(𝑦))𝑍′(𝑦) = 𝑓𝐿(𝑍(𝑦)). 𝑍′(𝑦)[𝑦 − 𝑍(𝑦)]                                        (A1.2) 

 𝑍(𝑦) ≥ 𝑦 since  𝐹𝐻(. ) is non-decreasing.  Thus Eq. (A1.2) results that  𝐾′(𝑄𝐻𝐻) ≤ 0 This follows 

Eq. (11). 

 

A2. Proof for Eq. (9) 
 

Eq. (5) is 
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maxwL,αL,TL,wH,αH,TH πS = pπ𝐿𝑆(𝑤𝐿 , α𝐿 , 𝑇𝐿) + (1 − 𝑝)π𝐻𝑆 (𝑤𝐻 , α𝐻 , 𝑇𝐻) 

 = p [(𝑤𝑗 − 𝑐)𝑄𝐿𝐿 + rα𝐿 ∫ 𝐹𝐿̅̅ ̅(𝑥)dx𝑄𝐿𝐿0 + 𝑇𝐿] + (1 − 𝑝) [(𝑤𝐻 −𝑐)𝑄𝐻𝐻 + rα𝐻 ∫ 𝐹𝐻̅̅̅̅ (𝑥)dx𝑄𝐻𝐻0 + 𝑇𝐻]            (substituting from Eq. (4) 

 

Substituting 𝑤𝐿 , 𝑤𝐻 from Eq. (2), 𝑇𝐿, 𝑇𝐻 from Eq. (7) and Eq. (8) respectively and using 

expectation theorem viz. ∫ 𝑥𝑓(𝑥)𝑑𝑥𝑦0 = 𝑦𝐹(𝑦) − ∫ 𝐹(𝑥)𝑑𝑥𝑦0  in the above expression of π𝑆, we 

get Eq. (9) by rearranging the terms. 
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