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CHAPTER I 

INTRODUCTION 

1.1 Problem Statement 

Online auctions represent an alternative mercantile process which is becoming an 

increasingly significant channel for electronic commerce. Unlike a conventional single 

seller-single buyer trading procedure, online auctions are inherently interactive and are 

open to multiple participants from various geographical areas. Consumers can become 

involved in the price-setting process, as opposed to the typical buy and sell process in 

which a seller aimounces a price and waits for buyers to transact at that price. At the same 

time, these mechanisms can extend the reach of sellers to newer markets and help 

eliminate excess inventory, used or end of line products that were once a problem to the 

firms. In addition, online auctions also provide an excellent avenue for testing new 

product prices and enable the sellers to sell products in a cost-effective manner. 

In recent years, the economic impact of these online auctions has become more 

prevalent in electronic marketplaces. Consumer-to-consumer (C2C) auction sites such as 

eBay and Yahoo provide an opportunity for anyone with an internet connection to be a 

merchant and sell items over the internet. They act as agents for independent sellers to list 

their items and host auctions on their behalf The exchange of goods, payment 

transactions, and product shipping, however, are usually handled by the seller and the 

winning bidder. Business-to-consumer (B2C) auction sites such as CompUSAAuctions, 

uBid and Onsale offer new sales channels in electronic markets and enable the firms to 



gain access to a broader consumer-base. Lastly, business-to-business (B2B) auction sites 

such as DoveBid and DealemetB2B provide opportunities for firms to restructure 

procurement processes by shortening procurement times, lowering purchasing and 

transaction costs, improving sourcing processes, and increasing the efficiency of the 

purchasing organizations. 

Several efforts have been made to analyze and model the optimal design of 

auctions. These studies focus on the modeling of the optimal auction design from the 

standpoint of the auctioneer alone, without taking into consideration the inventory 

management of both the auctioneer and the manufacturer. In the B2B arena, however, 

inventory management plays an important role in determining the auction model and 

replenishment policy that provides the maximum profit for the system involving two 

trading partners (i.e. the auctioneer and the manufacturer). An economic order quantity 

(EOQ) for the auctioneer is merely a local optimal solution and may no longer bring 

about the system's global optimal profits. In view of this, we investigate a joint economic 

lot-size (JELS) policy which simultaneously considers the inventory positions of the 

auctioneer and his manufacturer. 

In a purchasing situation where the inventory problems of both a supplier 

(manufacturer) and a purchaser (auctioneer) are treated in isolation, the local optimal 

production/order quantity for each party can be obtained by using the economic 

production lot-size (EPQ) model and the economic order lot-size (EOQ) model. Often, 

the local optimal policies yield lot-sizes for purchaser and supplier that are in substantial 

disagreement. If the supplier has to comply with the purchaser's order policy by 



delivering in large quantity, there will be a build-up of inventory on the supplier's side, 

tiiereby incurring more holding costs than necessary. On the other hand, if the purchaser 

chooses to follow the supplier's production lot-size by buying more products than 

needed, tiiere will be more inventory accumulated on the purchaser's side. Obviously, 

tills wall result in an increase in the holding cost for the purchaser. Previous literatiire has 

determined that such a conflict can be resolved by considering together the total relevant 

costs for both parties, such as the production cost, the inventory cost, the ordering cost, 

and the tiansportation cost. The resuh is a joint economic lot-size which is a 

compromised quantity between the two parties. It is a global optimal quantity that 

maximizes the total profits realized by the two trading partners. 

In our online auction setting, which is a sealed bid (^+l)-price auction where k 

units (A:>1) are offered in a single auction and all wirming bidders pay a price equal to the 

highest rejected bid, one of the most critical decisions faced by the auctioneer is to find 

the best product allocation policy that yields maximum joint total profit. That is, once the 

JELS quantity has been determined and the products have been received, the auctioneer 

must decide how many of these units to offer in each auction and how long the auction 

should last. This research investigates two product allocation policies. The first policy 

(discussed in Chapter III) is the one practiced in traditional online auctions in which the 

auctioneer precommits to the number of items offered in an auction by announcing up 

front the number to sell before an auction starts. In contrast, an alternative policy 

(discussed in Chapter IV) borrows the concept of revenue management by allowing the 

auctioneer to view the bid quality from all participating bidders before deciding how 



many to award in an auction. If we consider the auctioneer and the manufacturer as one 

system, the two policies share a common objective, which is to maximize the system's 

expected total profit. 

1.2 What is an Auction? 

According to McAfee and McMillan (1987), an auction is "a market institiition 

wdtii an explicit set of rules determining resource allocation and prices on the basis of 

bids from tiie market participants (p.701)." 

Auctions have been around for a very long time and, indeed, may be one of the 

world's oldest commercial tools. The word itself has a Latin root augere, which means 

"to increase" (McAfee and McMillan, 1987). Auctions are reported to have been in use as 

eariy as 500 BC in Babylon for the selling of wives and slaves. By 193 AD in Rome, 

auctions were used for selling everything from the spoils of battle to royal furniture 

(Smeltzer and Carr, 2002). During the late 16* century and through the 17* century, 

paintings and prints were first sold by the Dutch auction in the Netherlands. In China in 

the early 1600s, the possessions of deceased Buddhist monks and other surplus property 

were sold at auctions to raise money for religious leaders and temples. Today almost 

anything may be sold at auctions, including stocks and commodities, land and property, 

used household goods, artworks, antiques, jewelry, and more. 

However, with the rise of the internet, traditional auctions have undergone a 

significant transformation. One of the earliest web-based commercial auctions began in 

1995 with the launches of Onsale (May) and eBay (September), which eventually became 



tiie online auction leader with expected net revenues of $1.1 billion by the end of year 

2002. Now more tiian 150 auction sites are open on the web. These internet auctions 

allow anyone who has access to the internet to participate in the bidding procedure and 

obtain hems halfway around the worid. This opening up to a broader, more fluid market 

has resulted in a wider variety of goods and services sold in the web-based commercial 

auction mechanisms. 

1.3 Types of Auctions 

Four major types of auctions are commonly in use (see Table 1.1): the English 

auction (also known as the oral, or ascending-bid auction); the Dutch auction (or the 

descending-bid auction); the first-price sealed-bid auction; and the second-price sealed-

bid (or Vickrey) auction. 

Table 1.1 Auction types commonly in use. 

Open-Bid Auctions 

Sealed-Bid Auctions 

Auction Type 

English 

Dutch 

First-price, sealed-bid 

Vickrey 

Description 

The price is successively raised until there is 
only one bidder left. The winner pays the 
amount he/she last bid. 
This is the reverse of the English auction. 
The auctioneer calls an initial high price and 
continues to lower the price until the first 
bidder accepts the current price. The winner 
pays the price he/she bids. 
Bidders submit a single, non-retractable 
sealed bid. The highest bidder wins the item 
and pays the price he/she bid. 
Bidders submit a single, non-retractable 
sealed bid. The highest bidder wins the item, 
but pays only the price of the second-highest 
bid. 



1.4 Auction Models Based on Bidders' Valuations 

There are two qualitatively different auction models of bidders' valuations of an 

item. The first is the common values auctions, in which the valuation of an item to a 

bidder depends on external factors such as its resale value or other bidders' valuation of 

it. For example, the value of an antique perceived by dealers who intend to resell it would 

depend on the amount the antique is worth on the market. The true value of the item is, 

however, unknown. The bidders may have access to information and make different 

predictions of how much the antique is actually worth. The other model is the 

independent private values (IPV) auction, which assumes that each bidder's valuation of 

an item is statistically independent from any other bidder's valuation. The value of the 

item depends solely on each bidder's own taste. The bidder is buying the item for his own 

use and does not intend to resell. External factors such as current market value of the item 

or the opinion of other bidders do not have influence on the bidder's own valuation. The 

independent private values auction for consumer goods applies in our online auctions 

model. We assume that each bidder has his own valuation of the item and does not share 

this information with anyone else. 



CHAPTER II 

LITERATURE SURVEY 

2.1 Introduction 

The major interests of this research are concerned with the determination of 

delivery quantities and product allocations in an online auction business that maximizes 

the expected profit for both the auctioneer and his manufacturer. With regard to the 

inventory models applicable to the electronic auction situation of interest, we examine the 

literature on single-period (newsboy) problems and joint economic lot-size policy, areas 

in which there is a large and well-developed body of literature. Next, we present prior 

studies on conventional and online auctions. Existing literature on auctions includes both 

theoretical models and empirical studies. While researchers have extensively analyzed 

conventional auction designs and bidding strategies, studies on online auctions have been 

very limited. However, there appears to be an increasing effort to advance online auction 

designs over the past few years due to the rising popularity of the internet. In the last 

section, we discuss revenue management discipline, which involves product pricing and 

capacity allocation. Indeed, the revenue management discipline has received a lot of 

attention over the years and continues to be of interest to this day. 

2.2 Single-Period rNewsbov) Problem 

The single-period problem, also knovm as the "newsboy" or "Christinas tree" 

problem, involves the deteraiination of the optimal order quantity for which only one 



replenishment opportunity exists. The single-period model is appropriate for demand that 

is non-continuous and short-lived. More specifically, it is usefiil for demand which exists 

for an item at infrequent intervals such as promotional or fashion products, and uncertain 

demand which exists for perishable or short-lived items such as newspaper or flowers. 

Single-period items have a probabilistic demand pattern with limited sales period. An 

item is ordered only once at the beginning of the period. Remaining inventory at the end 

of tiie sales period is usually sold at a discounted price or is discarded because of spoilage 

or obsolescence. 

There has been a growing interest in the single-period problem in the last decade, 

witii more than 40 papers published since 1988 (Khouja, 1999). A classical newsboy 

problem can be solved by considering either the objective of maximizing expected profit 

or the objective of minimizing the expected costs of overestimating and underestimating 

demand. Both objective functions yield the same outcomes. 

Kabak and Weinberg (1972) take the approach of maximizing the expected 

revenue and propose three extensions, along with their solutions, to the classical single-

period newsboy problem: (i) Supply of inventory is a random variable due to variable 

supply capabilities of a supplier; (ii) Suppliers are charged with a penalty cost for not 

being able to satisfy contractual obligations; the penalty can be fixed, or proportional to 

the shortage quantity; and (iii) A secondary vendor, who charges at a higher price, can 

supply additional units when the primary vendor is unable to supply all required units. 

Lau (1980) considers the newsboy problem according to two alternative 

optimization objectives. The first objective is to maximize expected utility. The author 



develops formulas for handling the partial moments arising from the adoption of this 

goal. The second objective is to maximize the probability of achieving a budgeted profit. 

This objective is commonly implemented by managers, but mostly ignored in the 

literature. The decision variable is the order quantity, Q. Lau obtains closed-form 

expressions for the optimal Q under normal and Schmeiser-Deutsch demand distributions 

and suggests that numerical methods be used for the Beta, Gamma, and WeibuU 

distributions. 

Anvari (1987) uses the Capital Asset Pricing Model (CAMP) to analyze the 

single-period newsboy problem and showed how the covariance risk will affect the 

optimal ordering quanthy, g*. The model captures a capital-market notion that rational 

individuals will hold multiple-asset portfolios and thus will be concerned with the 

covariance risk. The author then develops an algorithm for finding g*. 

Chung (1990) simplifies Anvari's optimality conditions and provides a simple 

method for finding Q . Chimg shows that the optimal order policy can be described by a 

single equation, regardless of the sign of the covariance term. 

Lau and Lau (1988) examine the newsboy problem with price-dependent demand 

distribution. Their extension to the classical newsboy problem considers the situation in 

which the supplier of perishable or seasonal products has the option of increasing (or 

decreasing) the product's demand by lowering (or raising) hs selling price. They present 

numerical solution procedures for finding optimal order quantity and price under 

specified optimization objectives. The optimization objectives considered in the paper 



are maximization of expected profit and maximization of the probability of achieving a 

target profit level. 

Unlike tiie study by Lau and Lau (1988), which is based on the assumption that 

the demand disti-ibution only depends on price, the Sen and Zhang (1999) sttidy begins 

from the assiunption that prices are exogenous in each market segment. In Sen and 

Zhang's (1999) work, they consider the single-item newsboy problem with multiple 

demand classes in which the item can be sold to different demand classes at different 

prices. An example of such problem is that the newsboy orders newspaper early in the 

morning and sells them in the morning and in the afternoon at different prices. The 

authors analyze two cases where the prices can either decrease (e.g., fashion goods 

retailing), or increase (airlines and hotels) and present separate newsboy models for the 

different cases. 

Khouja (1995) studies the newsboy problem in which multiple discounts are used 

to sell off excess stock. In their model, the discount is continuously increased until all 

excess units are sold. The quantity demanded at each discount price is determined by the 

quantity demanded at the regular price. Khouja solves the problem with respect to two 

objectives: (a) maximizing the expected profit, and (b) maximizing the probability of 

achieving a target profit. The model proposed by Khouja (1995) is restricted in that the 

discount prices are known beforehand and are not a decision variable of the vendor. The 

quantity sold at each discount price is a multiple of the quantity sold at the original price 

without considering demand-price relationship. 
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In the following year, Khouja and Mehrez (1996) extend the model proposed by 

Khouja (1995) to the multi-product case with a storage or budget constraint. They assume 

that excess inventory of product / can be sold at the7th discount price. The discount 

quantity of each product at each discount price is again determined by the quantity 

demanded at the regular price. They propose two algorithms, one for large quantity and 

another for small quantity. A marginal analysis approach is used to solve the problem 

when the quantities are large. A slight modification to the marginal analysis approach is 

used to solve the problem when the quantities are small and rounding may be vital to the 

expected profit. 

In a more recent model proposed by Khouja (2000), the demand is assumed to be 

price dependent. Excess inventory is sold at a lower priced discount which is determined 

by the vendor. Discounting items are subjected to a fixed set-up cost due to the costs of 

advertising and marking down the items. The resulting problem is divided into two sub-

problems. The first one is to determine the optimal discounting scheme after demand is 

known and order quantity is predetermined. The second sub-problem is to determine the 

order quantity which maximizes the expected profit prior to the realization of demand. 

Most of the extensions to the classical newsboy problem involve the consideration 

of alternative optimization objectives and handling muhiple newsboy items. All these 

stiidies assume that the order can be placed only once for each period. However, Lau and 

Lau (1997) consider a situation in which a newsboy type of product may be ordered twice 

during a season or period. That is, they allow a reorder during mid-season after the early-

season demand pattern has been observed. This reorder arrives after a specified lead time. 

11 



The numerical solutions show that the reorder opportunity could increase profits 

considerably when compared to the traditional single-order newsboy problem. Lau and 

Lau (1997) conclude that a second-order opportunity may be beneficial to a buyer if the 

profit margin is low. In such a situation, the buyer should study the trend of the early-

season demand carefully in order to predict the late-season demand precisely. Then the 

buyer can utilize the solution procedure proposed in this paper to determine the imtial 

order and the reorder quantity. 

Extensions of the single-period problem to multi-location models have been made 

by Eppen (1979), Chen and Lin (1989), and Chang and Lin (1991). These authors assume 

that all locations have the same selling season. Eppen (1979) studies the effects of 

centralization on a multi-location newsboy problem with normal demand at each location. 

Each location is subjected to identical linear holding and penalty cost functions, h(x) and 

p(x), respectively. The author considers a single-period single product problem with A'̂  

individual distribution centers which poses an opportunity for centralization. Eppen 

compares two extreme configurations: (i) a completely decentralized system in which a 

separate inventory is kept at each warehouse and (ii) a completely centralized system in 

which inventory is kept at a central warehouse. The author demonstrates that the expected 

total cost of a decentralized system is greater than, if not equal to, that of a centralized 

system. The magnitude of the difference depends on the correlation of demands. If the 

demands are uncorrelated, the expected total cost increases as the square root of the 

number of warehouses. 
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Chen and Lin (1989) take a different approach from Eppen (1979) to show that 

Eppen's results are still true when demand follows any probability distributions and the 

linear holding and penalty cost functions are any concave functions. 

Although Eppen (1979) and Chen and Lin (1989) thoroughly discuss the effects 

of centialization on expected costs in a multi-location newsboy problem, their models fail 

to take into accoimt the cost of transporting excess items from one location to another, 

t(x). In view of tiiis, Chang and Lin (1991) incorporate the transportation cost into their 

model and find that ifh(x), p(x) and t(x) are concave fimctions with t(x) < mm{h(x), 

p(x)}, then the total expected costs in a centralized system is smaller than those in a 

decentialized system. 

2.3 Joint Economic Lot-Size Model 

Research in the area of joint economic lot-size model (JELS) arises from the 

classical economic lot-size model (EOQ). Demand for products is deterministic and 

remains constant over time. Goyal (1976) is one of the first to present an integrated 

inventory model for a single vendor-single purchaser. He assumes that the demand for the 

item is uniform, and there is no lead time for the supplier and the purchaser. Shortages 

are not permitted in this model. He shows that his proposed joint inventory approach 

could result in considerable savings for both the vendor and the purchaser when 

compared to the classical EOQ model. 

Banerjee (1986) analyzes the integrated vendor-buyer inventory model. He 

studies a case of a single buyer and single vendor. A deterministic mathematical model is 

13 



developed to find the optimal lot-size that minimizes the joint total relevant cost, which is 

tiie cost of holding and set-up/ordering incurred by both the vendor and the customer. It is 

assumed that the vendor undertakes a production set-up every time the purchaser places 

an order and supplies on a lot-for-Iot basis. That is, if the order quantity is Q, the vendor 

has to supply tiie exact amount of Q units to the purchaser. The author shows that the 

implementation of a jointiy optimal ordering policy could be of economic benefit to both 

parties. 

Inspired by the work of Banerjee (1986), Goyal (1988) extends Banerjee's model 

by generalizing the lot-for-lot policy for the vendor. He introduces the possibility of 

manufacturing a batch, which is made up of an integral number of equal shipments. That 

is, if the purchaser's order quantity is Q, then the production quantity of the vendor could 

be nQ, where « is an integer. In his model, he assumes that the vendor could supply 

products to the purchaser only after completing the entire lot-size. It is shown that further 

reduction in joint-total-relevant-cost could be achieved. 

Chatterjee and Ravi (1991) propose that the vendor supply products that are 

produced in one single set-up to the purchaser in sub-batches of different sizes. The time 

required to transport a sub-batch to the purchaser is taken as zero. In addition, they also 

assume the inventory holding cost is the same for both the vendor and the purchaser. 

They report that this kind of supply can result in a significant reduction in joint total 

annual cost although it may incur greater transportation costs. 

However, Agrawal and Raju (1996) argue that the supply and receipt of staggered 

sub-batches at the end of periods of different lengths as introduced in Chatterjee and 
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Ravi's (1991) model could result in tremendous operational planning and control 

problems to both the vendor and the purchaser. Therefore, they suggest that the sub-

batches be supplied in uniform size and with a constant time gap between any two 

consecutive supplies. They show that their model gives comparatively lower joint total 

relevant cost than the model proposed by Chatterjee and Ravi (1991) for high production 

rate and tiie purchase cost to tiie production cost (C/Cy) ratio. Our research follows the 

shipment policy proposed by Agrawal and Raju (1996) in which the manufacturer 

supplies sub-batches of uniform size to the auctioneer every predetermined delivery 

period. 

Lu (1995) proposes an optimal solution to the single-vendor, single-buyer 

problem in which the quantity of each shipment is identical. This policy is referred to as 

'identical delivery quantity' (IDQ) by Viswanathan (1998) and h is an improvement over 

the policy proposed by Banerjee (1986). She also develops a heuristic approach for a 

single-vendor multi-buyer integrated inventory problem. However, no transportation cost 

is considered in this model. 

In the same year, Goyal (1995) proposes an alternative shipment policy in which 

the quantity of products delivered to the purchaser is not identical at every replenishment. 

At each delivery, the vendor supplies all the available inventory to the purchaser. This 

strategy results in an increase in the inventory level of the purchaser. Viswanathan (1998) 

refers to this as the 'delivered what is produced' (DWP) strategy and he proves that h 

gives a lower joint total annual relevant cost than the strategy proposed by Lu (1995) 

only when the holding cost for the purchaser is not much higher than that for the vendor. 
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Moreover, tiiis policy also results in an inconsistency in the delivery quantity and 

delivery period, which may cause operational planning and control problems. 

Hill (1997) comments that neither of the two policies proposed by Lu (1995) and 

Goyal (1995) can obtain the optimal solution for all possible problem parameters. Hill's 

proposed optimal solution lies in [n,, «2] where n, is the number of shipments per batch 

production for the equal-sized shipments (Lu, 1995) policy and «2 is that for the DWP 

(Goyal, 1995) policy. However, in his model, the sub-batch quantity delivered to the 

purchaser at every replenishment may not necessarily be the same. This again can create 

operational planning problems, as pointed out by Agrawal and Raju (1996). 

More recentiy. Hill (1999) determines the form of the globally-optimal production 

and shipping policy for a single vendor-single purchaser problem. He combines the 

policy proposed by Goyal (1995) with an equal shipment size policy. The objective is to 

minimize the mean total cost per unit time. Once again, no stock shortages are allowed in 

the model. 

2.4 Auction/Bidding 

While auctions have been a popular form of trade for thousands of years, 

academic literature on auctions appears to date back less than 50 years (Rothkopf & Park, 

2001). One of the earUest studies of conventional auctions is that of Friedman (1956), 

who presents a method that outlines an optimum sti-ategy for bidding on contracts where 

each competitor submits one closed bid. His method makes use of the previous bidding 

patterns of potential competitors. In a situation where a government agency invites 
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various companies to bid for contracts, the number of competitors who will acttially 

submit bids may be large or unknown. One way of determining the probability of 

winning lies in studying previous bidding patterns of potential competitors. To do so, 

Friedman (1956) takes the ratios of previous competitor's bids to his company cost 

estimates. A pattern of the competitor's bidding behavior relative to his company cost 

estimates should represent a distinct distribution. The author illustrates with an example 

assuming a restriction that the company's total bid on three simultaneous contracts cannot 

exceed a fixed amount. He eventually obtains the optimum set of bids permitted within 

the restriction. 

Some of the earliest and most commonly used types of single-unit auctions are 

oral progressive auctions, Dutch auctions, and standard first-price sealed bidding. 

Vickrey (1961) introduces a sealed bid second-price procedure, later known as "Vickrey 

auctions," in which the wirming bidder pays the amount of the highest losing bid. He 

compares the four kinds of auctions and shows that if the private values of the bidders are 

independent of each other and are drawn from the same distribution, the sealed second-

price auctions produce the same expected revenue for the auctioneers as those of the 

other three kinds of auctions. The sealed bid second-price mechanism is then extended to 

a sealed bid (^+l)-price auction, where A: units (k>l) are offered in a single auction. The 

uniform price is set by the first rejected bid (i.e., the bid on the ^+1* unit). Vickrey's 

paper has attracted the attention of many theoretical economists (Rothkopf et al., 1990). 

Yet in spite of all the attention this paper has received and in spite of the benefits sealed 

second-price procedures can bring, such procedures are seldom followed. Rothkopf et al. 
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(1990) explore tiie reasons for infrequent use of Vickrey's sealed second-price auctions. 

They consider seven potential reasons, rejecting five as unconvincing. The remaining two 

important explanations for tiie rarity of Vickrey auctions are bidder fear of bid-taker 

cheating and bidder resistance to truth-revealing strategies. In sealed second-price 

bidding, once a bid has been placed, a bidder has no opportunity to withdraw from the 

auction even if he/she suspects that he/she might be victimized by an auctioneer's use of 

imaginary bids to manipulate the losing auction price. As a result, the winning bidder 

may have to pay the price of the highest (imaginary) losing bid, which is obviously 

higher than the actual losing bid had the auctioneer not cheated. The second and most 

important reason why Vickrey auctions are unusual is that bidders are unwilling to reveal 

their true costs or valuations since doing so may give away valuable information to their 

competitors. In an online auction business, Jarry Kaplan of Onsale comments on the 

rarity of Vickrey auctions on the internet: customers enjoy the bidding frenzy; they like 

placing multiple bids - a non-negligible characteristic of online English auctions that is 

missing in Vickrey auctions (Beam, 1999). 

In multi-unit auctions, Harris and Raviv (1981) compare the uniform price auction 

mechanism, in which all winners pay the same price equal to the highest rejected bid (the 

(^+I)-price Vickrey auction), and the discriminating auction, in which winners pay 

according to their actual bid price. The authors show that the A:-unit discriminating 

auction is equivalent to the (^+l)-price auction when the increment size is infinitesimal 

(i.e., the range of feasible auction closing price is continuous). In addition, the authors 

also report that the seller's expected revenue depends on risk attitudes of the bidders. 
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That is, when tiie buyers have independent private values and are risk neutral, both 

auction mechanisms are optimal and yield the same expected revenue to the seller. 

However, when buyers are risk averse, the discriminating auction dominates the uniform 

price auction and yields higher expected revenue to the seller. 

McAfee and McMillan (1987) provide a detailed summary of the results of 

Vickrey's (1961) research. They discuss the "revenue-equivalence" theorem which states 

tiiat under certain conditions, the expected auction price of the English auction, the Dutch 

auction, the first price sealed-bid auction and the Vickrey auction is the same on average. 

The conditions require that (i) the bidders are risk neutral; (ii) each bidder's valuation of 

an item is independent and learning another bidder's valuation will not cause the bidder 

to change his bid; (iii) the bidders are symmetric, and (iv) payment is a function of bids 

alone. However, when one of these assumptions is relaxed, some auctions appear 

superior to others. 

With an increasing popularity of the internet, online auctions have received 

increasing attention from researchers applying theoretical models and conducting 

empirical studies. Electronic auctions are open to millions of participants from various 

geographical areas, thereby encouraging more competition among bidders while 

simultaneously offering larger product selections for those bidders. While there is an 

immense body of literature on traditional auctions, research pertaining to online auction 

designs and bidding strategies is still limited. One of the possible reasons for the lack of 

research on internet auctions might be the fact that electronic auctions were first 

developed and implemented during the 1980s (Klein & O'Keefe, 1999). 
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The impact of the internet on participants in an auction and the classification of 

types of auctions are thoroughly discussed by Klein and O'Keefe (1999). They state that 

online auctions provide low-cost access to a global market and highly focused target 

groups. Such cost-efficient communication infrastructtires allow auctioneers to set up and 

run auctions quickly with limited investments. This is the reason why online auctions are 

growing at a significant rate. 

Reiley (2000) conducts a comprehensive study of 142 different internet auction 

sites and discusses tiie tiansaction volumes, the types of auction formats used, the types 

of goods auctioned, the fee structures employed at the various sites and competition 

between tiiree large auction sites. According to the survey, 58% of the auction sites were 

relatively small, each resulting in less than $10,000 in sales per month. The largest online 

auction site is eBay with monthly revenue of $70,000,000, as of fall 1999, followed by 

First Auction ($5,000,000) and Onsale ($5,000,000). There is a large variety of goods 

sold at auction on the internet. The largest category by far was that of collectibles such as 

antiques, tiading cards, and toys. Most goods put on online auction tend to be used rather 

than newly manufactured, and the majority of them are small and relatively easy to ship. 

Auctions offer a good opportunity for the sales of goods that are limited in supply where 

the demand is unknowoi to the seller, because an auction can reflect the true value of the 

products. Reiley fiirther analyzes the competition among the three most well known 

internet auction sites (eBay, Yahoo and Amazon). He samples hundreds of auction 

listings at each of the three sites and reports that eBay is 100 times as large as Amazon 

and 10 times as large as Yahoo!. These sites have different fee structures. Sellers at the 
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sites may respond to such incentive provided by the auctioneers' fee structures: sellers 

appear more serious about selling when listing fees are charged. 

Beam (1999) provides extensive information about different types of auctions and 

their rules. The author proposes a mathematical model that is useful in determining 

optimal auction size. Bidder activities in an online auction are modeled in terms of a 

Markov chain on a state space defined by the current auction price and the number of 

bidders who have been previously bumped by a higher bidder. The previous winner 

sleeps in the orbit queue until he awakens and visits the site, views the new going price 

and decides whether to drop out of the auction or to enter a successful bid. In the model. 

Beam assumes that new bidders arrive at the auction with a stationary Poisson process. 

She fiirther assumes the duration of each of the auctions to be equally long and all items 

offered in an auction will be bid upon and sold. The problem is formulated as a dynamic 

program, according to which she is able to determine the optimal number of items the 

seller should optimally auction off in each time period. This model is later published by 

Segev et al. (2001). 

Vakrat and Seidmann (2000) conduct an empirical analysis on real-world data 

from 324 internet auction sites. Their statistical analysis reports that the number of unhs 

being offered and the auction length have a positive impact on the number of bidders per 

auction, while the minimum initial bid has a negative impact on the number of bidders. 

They also show that the arrival rate of new bidders at an online auction site declines over 

time. Under Vickrey auction mechanism, Vakrat and Seidmann present a model for 

estimating the expected auction price as a fimction of the auction's length and the non-
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stationary Poisson process of bidders' arrivals. The authors further study the process of 

an online auction and emphasize the importance of the intensity of the bidders' arrival 

process, the auction's duration, and the number of unhs on the final auction's price. They 

assert that it is vital that auctioneers ascertain that the online auction satisfies the 

sufficient condition for price buildup (the aggregate bidders' arrival function should 

exceed twice the auction quantity plus one). 

In a situation where a bidder is interested in ongoing bidding activities in several 

auction sites simultaneously, the bidder's keeping track of each auction site becomes 

extiemely difficult. Lack of sufficient information about reasonable market prices of 

goods can make the bidder end up paying more than he/she should. Ito et al. (2000) 

resolve this issue by intioducing BiddingBot, a multi agent system that supports users in 

attending, monitoring and bidding in multiple auctions. BiddingBot consists of one leader 

agent and several bidder agents. The main task of the leader agent is to facilitate 

cooperation among bidder agents, send the user's request to the bidder agents, and 

provide the bidding information to the user. Each bidder agent is assigned to an auction 

site to gather information on the market price, monitor and bid on behalf of the user upon 

permission. Ito et al. (2000) conduct an experiment consisting of 3 different auction sites 

and shows that BiddingBot can effectively bid in an auction site in which a going price is 

cheaper than the other sites. 

Bapna et. al (2000) examine the structure of the winning bids in multi-item online 

auctions. They explore the structiiral characteristics of the ahemative multi-item auction 

mechanisms proposed in the auction theory. They derive hypotheses and compare two 
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different types of auction mechanisms, namely the Multiple-Item Progressive Electronic 

Auctions (MIPEA) and the Multiple-Item Vickrey Auction (MVA) and test the 

hypotiieses using real-world empirical data. They claim to be the first to analyze the 

expected revenue between an open ascending auction and a Vickrey sealed-bid auction 

wdth multiple units. 

In MIPEA (better known as Yankee auctions), consumers can bid the same 

amount of money until the number of bids is equal to or greater than the current asking 

bid. The current asking bid is the minimum bid required for a bidder to be in a winning 

list. The new winning bidder then bumps the existing lowest bidder out of the winning 

list. MVA, on the other hand, is a sealed bid second-price auction in which the winning 

bidder pays only the price of the second-highest bidder. Each bidder will bid his true 

valuation. In their analysis, they assume that individuals participate in the auction process 

with an objective of maximizing their net worth, and there are no distributional 

assumptions regarding the private information of the bidders, other than the fact that their 

need for the product is independent. In their empirical findings, MVA appears to be a 

more profitable mechanism than MIPEA from the revenue perspective. The theoretical 

results are tested for validity through the empirical investigation. First, they compare the 

expected revenue under the two auction mechanisms. Then they examine the surplus loss 

of three different types of consumers, i.e., evaluators, participators, and opportunists. The 

results suggest that the participators tend to perform better than the opportunists and 

evaluators. However, there is no conclusive evidence as to whether or not opportunists do 

better than evaluators. 
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Building on tiieir earlier tiie theoretical results (Bapna et. al, 2000), Bapna et. al 

(2001) present a simulation tool to analyze and optimize the auctioneer's revenue by 

manipulating contioUable factors, such as bid increment, initial bid amount, and other 

auctions rules, in MIPEA. The analysis indicates that the majority of the auctioneers use a 

significantly higher minimum bid increment than the optimal value, resulting in a 

decrease in profit margins. 

Mizuta and Steiglitz (2000) simulate a typical single-item online auction in which 

the duration is fixed and second-highest price is continuously posted. The winner is the 

bidder with the highest bid and pays the price equal to the second highest bid. Such a 

bidding mechanism is knovra as "proxy bidding." It differs from the Vickrey auction in 

such a way that the proxy bidding captures the dynamic behavior of the bidders who may 

revise their values based on the behavior of other bidders. Two types of bidders are 

modeled: early bidders, who can bid any time during the entire auction period, and 

snipers, who place their bids just before the auction closes. The simulation results suggest 

that early bidders can win items at lower prices than snipers on average, but the 

occurrence is relatively low. The results also show that the late bidding strategy of 

snipers is effective since the winning prices decrease and win probabilities increase as the 

snipers delay their bids. 

More recentiy, Keskinocak and Tayur (2001) address several benefits of internet 

auctions as compared to traditional auctions. They categorize online business-to-business 

auctions as third-party auction services and private auctions. In addition, various auction 

mechanisms of different auction sites on the internet are discussed and examples are 
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provided. The autiiors also study a simple multi-unit Dutch online auction model with 

two bidders who value each unit of the item at v/ and v̂  and would like to receive Di and 

Di units. Instead of modeling the auction strategy to maximize the auction designer's 

revenue, tiieir objective is to find the optimal bidding strategy for the buyers to maximize 

bidders' surplus (or revenue). First they assume that the seller has A: units for sale and 

hold a two-step auction with selling price p, at step / = 1, 2 and/7; >p2. If a bidder's 

marginal surplus in the first stage of the auction is small compared to that in the second 

stage, tiie bidder should not bid in the first stage and bid all desired unhs in the second 

stage. Conversely, if a bidder's marginal surplus in the first stage is almost as large as 

tiiat in the second stage, then he/she should bid all his/her demand in the first stage. 

Keskinocak and Tayur (2001) also model the online auction from the seller's 

perspective. The auctioneer can set prices in different stages to maximize his/her revenue. 

Assuming that he/she could estimate the valuations of the buyers, he/she can set the 

auction price in the two stages such that v, > p, > Vj > /?2 • ^^ this case, the second bidder 

will bid zero items in the first stage of the auction, and the first bidder will have to bid his 

optimal bid quantity. From such findings, Keskinocak and Tayur are able to determine 

the optimal price in the first stage of the auction that the seller should offer. 

Rothkopf and Park (2001) discuss various questions that an auction designer may 

face when he/she decides to host an auction, questions such as what is to be sold, what 

kind of auction is appropriate, who may bid, whether there will be multirounds of 

bidding, etc. Different academic disciplines can contribute to answering these questions 
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using various approaches. Among the academic disciplines discussed are economics, 

OR/MS, sociology and computer science. 

2.5 Revenue Management 

To borrow a definition from Kasilingam (1997), revenue management (or yield 

management) can be defined as "the integrated management of price and inventory to 

maximize tiie profitability of a company (p.36)." The study of revenue management 

problems originates from the pioneering work of Little wood (1972) on airiine 

overbooking. However, it was probably after the successful development and 

implementation of a revenue management system at American Airlines by Smith et al. 

(1992) that the field started to gain more attention from researchers. Today, revenue 

management techniques have been appHed to other industries such as hotels and resorts 

(Bitian & Mondschein, 1995; Badinelli, 2000), cruise lines (Ladany & Arbel, 1991) and 

internet providers (Nair & Bapna, 2001). A complete overview of the literature in the 

area of revenue management is provided in the work of Weatherford and Bodily (1992), 

McGill and van Ryzin (1999), and Bitran and Caldentey (2002). 

Current methodology on airline revenue management can be divided mainly into 

leg-based and network-based models. Leg-based methods focus on optimizing airline seat 

allocation on a single-leg flight. Every flight in a network is optimized separately. 

Network-based models consider the booking requests for multiple legs at the same time. 

In either case, the booking control policy can be static or dynamic. Static solution 

methods generate an optimal seat allocation at the beginning of the booking period, based 
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on pre-calculated booking limits. Dynamic solution methods monitor the actual demand 

and constantly adjust tiie decision rules to it based on the state of the booking process at 

that point in time. 

Littlewood (1972) was the first to study a single-leg flight with two fare classes 

under tiie assumption that low-fare class passengers book first. The idea of his scheme is 

tiiat low-fare bookings should be accepted as long as their revenue value exceeds the 

expected revenue of future high-fare bookings. This simple, two fare, seat inventory 

control rule is later knovm as Littlewood's rule. Given average high-fare/i, average low-

fare^, random demand for high-fare Y, and number of seats remaining JTJI, low-fare 

booking requests should be accepted as long as the low-fare equals or exceeds the 

expected revenue of selling the same seat at the higher fare; that is, discount fare requests 

should be satisfied as long as/2 ^ / i Pr(7>/>i). The smallest value of j!?i that satisfies the 

condition is the protection level of the high-fare class, which is the total number of 

protected seats for the booking class. 

Belobaba (1987) extends Littlewood's rule to multiple-fare classes and introduces 

the term 'expected marginal seat revenue' heuristic, which is widely used in practice. His 

method, referred to as the EMSRa method, provides nested protection levels (the number 

of seats protected for the fare class and all higher fare classes). The EMSRa method, 

however, does not yield optimal booking limits when all classes are considered. 

The nonoptimality of the EMSRa method has been reported by WoUmer (1992) 

and Brumelle and McGill (1993). WoUmer (1992) proposes a different but equivalent 

version of the single-leg problem with muhiple-fare classes in which booking requests 
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demand is assumed to be continuous rather than discrete. The author provides an 

algoritimi for computing both the optimal protection levels for higher-fare classes and 

optimal expected revenue. Similarly, Brumelle and McGill (1993) further investigate the 

same problems setting and introduce the subdifferential optimization approach to obtain 

optimality results in a relatively simple manner. The approach admits either discrete or 

continuous demand distributions. The authors show that the assumption of a sequential 

arrival order of demand for different fare classes allows optimal booking control in the 

form of static booking limits. This method has come to be knowoi as the EMSRb method. 

Dynamic programming has been used to analyze single-leg models in several 

studies. Lee and Harsh (1993) use discrete time dynamic programming to determine the 

optimal dynamic booking control policy for the single-leg problem with multiple fare 

classes when demand in each fare class arrives as a non-stationary Poisson process. The 

discrete time model assumes that, in each time period, at most one booking request can 

occur. The authors propose a Markov decision model in such a way that the booking 

requests prior to time t do not have any influence on the decision to be made at time t 

except in the form of less available capacity. The states of the model are only dependent 

on the time until flight departure and on the remaining number of seats. The authors, 

however, make no assumption about the arrival pattern of different fare classes. That is, 

requests for all lower fare classes may not necessarily arrive earlier than the requests for 

higher fare classes. Liang (1999) later reformulates the dynamic work of Lee and Harsh 

(1993) and solves it in continuous time. 
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Inspired by tiie work of Lee and Harsh (1993), Subramanian et al. (1999) extend 

the Markov decision process model for airline seat allocation on a single-leg flight with 

multiple fare classes to allow cancellation, no-shows, and overbooking. The cancellation 

and no-show probabiUties are assumed to be time dependent. The state variable of the 

system is the total number of seats already booked. Using numerical examples, they 

report that their model can generate revenue gains of up to 9%, compared with an 

equivalent model that neglects the effects of cancellations and no-shows. 

For the network setting, various mathematical programming approaches have 

been developed. Glover et al. (1982) analyze a deterministic network flow model with 

one set of arcs corresponding to the flight legs and another set corresponding to the 

origin-destination and fare class combinations (ODF). Curry (1990) suggests certain seat 

allocation procedures based on origin-destination itineraries instead of single flight legs, 

when the capacities are not shared among different origin-destinations. In the model, fare 

classes are nested on an origin-destination basis. Cancellations are not allowed in the 

model, and demand among fare classes is independent. The proposed model is based on 

the arrival patterns assumption that requests for lower-fare booking classes arrive earlier 

than all the requests for higher-fare booking classes. 

Bid-price control is a network seat inventory control method in which a booking 

request is accepted only if the offered fare exceeds the sum of the bid-prices of the 

itinerary (path along the network). In general, this approach attempts to determine the 

estimated bid-price as a cutoff value for acceptable fares. The early development of the 

bid-price control approach by Williamson (1992) is based on the deterministic linear 
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programming model (DLP) of the origin-destination (OD) control problem. However, the 

DLP model used in the analysis clearly does not represent the true OD revenue 

management problem since h does not take into account the stochastic nature of demand. 

Talliu:i and van Ryzin (1998) incorporate demand uncertainty into the model and solve h 

using dynamic programming. The authors use Monte Carlo estimates to obtain bid-price 

controls and show that, while bid-price policies are generally suboptimal, they are 

asymptotically optimal in cases where leg capacities and sales volumes are large, 

provided the right bid prices are used. 

In a study of the cruise industry, Ladany and Arbel (1991) develop the optimal 

price discrimination sfrategy that depends on the demand curve, which may vary from 

season to season. The price discrimination policy would mean that the customers 

belonging to a market segment would pay for an identical cabin a different price than 

would customers belonging to another market segment. For example, customers booking 

six months in advance would pay less than those booking for the same cabin one week 

before the cruise departs. The model assumes a fixed number of identical cabins, and the 

aggregate demand curve is characterized by a linear relation between the cabin price and 

the corresponding number of cabins demanded at that price. The authors first evaluate the 

optimal single-market single-price strategy and show that this strategy leaves a 

substantial number of cabins unutilized. Such a problem can be solved by incorporating 

market separation of the unused cabins under the assumption that subsequent cabins are 

sold at a slightly lower price. According to the numerical example provided, the market 

segmentation of the unused capacity can increase the company's profit by 44%. Lastly, 
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tiie authors introduce the market segmentation of all cabins based on the customer 

infiltration, which states that a fraction of the demand for cabins in a given market 

segment witii a corresponding price per cabin infiltrates into the adjacent lower-price 

segment. By using this policy, the authors are able to determine the number of market 

segments (or the equivalent constant number of cabins) and the corresponding cabin 

prices that will prevail in each market segment that maximizes the profit per cruise. 

Bitian and Mondschein (1995) develop a stochastic and dynamic programming 

model for selling hotel rooms to customers from different market segments. They make 

no assumptions concerning the arrival order pattern of different classes of customers. 

They consider multiple room types and downgrading. For example, a customer may stay 

in a suite and pay the price of a standard room when the latter is not available. They also 

allow requests for multiple nights. In the case of multiple nights, simple heuristics are 

developed to find solutions for the problem based on the properties of the optimal 

solutions. Computational results suggest that the heuristics yield close solutions to the 

optimal solution for a number of realistic scenarios. 

Badmelli (2000) presents a dynamic programming procedure that incorporates 

both revealed-price (RP) and hidden-price (HP) market behavior in a hotel environment. 

In the RP case, the potential customer identifies himself/herself as one of a particular 

group subject to a certain fare. The reservation system can either accept or reject the 

booking request based on prior knowledge of the resulting lost or gained profit. In the HP 

case, the potential customer does not reveal his/her willingness to pay. In this case, the 

resulting reservation is a random event. A reservation is made only when the hotel's 
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quoted price does not exceed the price that the customer is willing to pay. In the 

formulation, the author assigns reservation callers into different market segments based 

on their willingness to pay and assumes that the demand from one market segment is 

independent from the demand from another segment. The computational results show that 

the formulation is not only simple and efficient, but also useful even for small hotels. 

More recently, Nair and Bapna (2001) suggest strategies for better utilizing the 

network capacity of Internet Service Providers (ISPs). The perishable asset of interest is 

the modem capacity (modem-hours) available at any instant of time for users to log on to. 

There is no natural cut-off time (time horizon) since customers log on and off all day 

long. Customers are divided into two segments, based on the quality of service, which is 

defined as "the probability of getting access to the internet when they attempt to dial-in." 

The problem is developed in the form of a continuous-time Markov decision process 

considering stochastic arrivals and departures of customers attempting to log on to the 

internet. Depending on the number of modem hours available and on the arrival and 

departure rates of different customer segments, a decision is made whether to accept or 

reject a log-on attempt. 
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CHAPTER III 

INTEGRATED ONLINE AUCTIONS UNDER 

TRADITIONAL PRODUCT ALLOCATION POLICY 

3.1 Introduction 

The objective of this research is to develop an optimal inventory and auction 

model for an auctioneer and his manufacturer such that the expected total profit of the 

system is maximized. Initially, the auctioneer must decide how many units to order from 

the manufacturer. Upon receipt of the shipment, the auctioneer now faces such questions 

as how many of these should be offered in an auction and how long the auction should 

last. If a large quantity is ordered from the manufacturer and only a portion of this is 

auctioned off, the auctioneer has to hold the remaining units in stock, which obviously 

will incur some holding costs. However, should the auctioneer decide to order a small 

quantity at a time, the associated holding cost will decrease accordingly, but this decrease 

may be outweighed by an increase in ordering and transportation costs. The challenge is 

to determme the optimal quantity that the auctioneer should order from the manufacturer 

and the appropriate portion of the merchandise to allocate in each auction as well as the 

auction duration, such that maximum profit for both parties can be realized. 

This chapter investigates the online auctions procedure in which the auctioneer 

offers to sell a fixed quantity of a single product type at the beginning of an auction, 

before any bids are received. For convenience, let us refer to tiiis procedure as the 

integrated online auctions under traditional product allocation policy (lAT). We assume 
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that bidder demand arrives at a random process and follows a probability distribution 

fimction. The first section explores the problem of determining the optimal auction 

quantity for a single-period online auction from the perspective of the auctioneer alone 

without taking into consideration any costs/benefits that might pose to the manufacturer. 

This discussion will be followed by an integration of production decisions of the 

manufacturer and an extension to a multi-period online auctions model. 

3.2 Notation 

This section puts forth the notation used in the auction and inventory models. 

b number of independent bidders 

k number of units offered in auction 

V bidder's valuation of an item 

t length of an auction (day) 

Q manufacturer's production lot-size 

/ annual inventory carrying cost rate 

O auctioneer's ordering cost ($/order) 

A auctioneer's set-up cost ($/auction) 

S manufacturer's set-up cost ($/set-up) 

Ca auctioneer's unit purchase price ($/unit) 

Cm manufacturer's unh production cost ($/unit) 

C, fixed transportation cost ($/trip) 

Cj end-of-period disposal cost ($/unit) 
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D expected total seasonal demand (unhs/season) 

P manufacturer's daily production rate (units/day) 

n number of deliveries per production set-up 

m total number of sub-intervals in a production cycle during which Q units 
have been produced except the first sub-interval 

3.3 Single-Period Online Auctions Model 

This section discusses the sealed bid (A:+l)-price online auction situation from an 

auctioneer's perspective and intioduces the expected auction closing price model 

proposed by Vakrat and Seidmann (2000). 

3.3.1 General Assumptions for the Online Auctions Model 

Several assumptions are made regarding the online auction problem. They Eire 

listed as follows: 

1. There is only one type of item sold in the auction. The auction can offer multiple 

identical items. 

2. Sufficient information to make a purchasing decision is available at no cost to the 

bidders at the begirming of the auction. 

3. Each bidder wants at most one unh, and will therefore place a bid for one item in 

any auction. 

4. Bidders bid truthfully and compethively. There is no collusion among the bidders. 

5. Bidders are risk-neutral. 
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6. The independent private values (IPV) assumption applies. Each bidder's valuation 

of the product is statistically independent from any other bidder's valuation. 

These bidders are buying the products for their own use and do not intend to 

resell. 

7. A sealed bid (A:+l)-price auction is practiced. All winning bidders pay a uniform 

price equal to the highest rejected bid. 

8. Demand for products follows a non-stationary Poisson distribution. 

3.3.2 Sealed Bid (^+n-Price Auction 

The sealed bid (^+l)-price auction is a imiform-price auction (i.e., all winning 

bidders pay the same price, which is the highest rejected bid price). It is an extension to 

the single-unit Vickrey auction in which bidders submit a single, non-retractable sealed 

bid and the winning bidder pays a price of the second highest bid. In an auction of A: vmits 

(k >1), the first k highest bidders win the auction, but pay only the price of the (k+lf^ 

highest bidder. We refer to the one who has the (^+1)* highest bid as a marginal bidder. 

He/she is the highest rejected bidder in the auction and his/her bid determines the auction 

uniform closing price. For example, consider an auction of 3 items (k = 3) and 7 bidders 

with the following distribution of valuation: 

D 
Bidder A B C (marginal bidder) E F G 

Vi 12 14 15 16 17 18 20" 
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Since bidder D has the (k + 1)* = 4* highest bid, he/she is the marginal bidder. 

As a result, at the end of the auction, the wirming bidders E, F, and G pay a uniform price 

of $16 per item. The total revenue for the auctioneer is $16 x 3 items = $48. 

Although less commonly used than the multi-item discriminating-price English 

auction (Yankee auction), which has been implemented by major auction sites such as 

Ubid, eBay, and Amazon, the sealed (A+l)-price auction may be a preferred mechanism 

in many ways. Bapna et al. (2000) support this statement by showing that at any stage of 

the Yankee auction, a rational person will not bid her true valuation v, since doing so 

gives a surplus of zero to the bidder with certainty. In other words, he/she is equally well 

off without bidding. Assuming that individuals are maximizing their net worth, the 

highest bid placed by a person having a value v, is approximately v, - e, where e is the 

minimum bid increment. Accordingly, depending on who has the first chance to bid (v^ -

e), the lower bound on the revenue of a seller selling multiple items under the Yankee 

auction mechanism is k-(v^- e) and the upper bound on the revenue of the same auction 

is A: • v„,, where v^ denotes the bid value of the marginal bidder. The sealed (A+l)-price 

auction, however, is incentive compatible; i.e., bidders will bid their true valuations. 

Since the winning bidders do not pay the price of their true valuation, the marginal bidder 

will bid his/her true valuation because of the foUowings: 

1. If the marginal bidder placed a bid higher than his/her true valuation and won 

the auction, he/she might have to pay for the item at a value of the highest 

rejected bidder, which could be higher than his true valuation. 
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2. If tiie marginal bidder placed a bid lower than his/her true valuation and 

someone else might place a bid higher than that, but also lower than his/her 

tiue valuation, the marginal bidder may be the one whose bid is most likely to 

be rejected. In this case, bidding the true value would have provided the 

marginal bidder a positive surplus. 

The total revenue for the seller selling k vmits under the sealed (A+l)-price auction 

is, as previously shown, k • v,„. From the revenue perspective, it is conclusive that the 

expected revenue generated by the Yankee auction is never greater than the one under the 

sealed (A:+l)-price auction. In light of this fact, we choose to model the internet auctions 

as the sealed (A^+l)-price auctions. This strategy tremendously simplifies the online 

auctions analysis since the only piece of information that we are interested in is the final 

bid price of the bidders (bidders' final valuations), not the bidders' behaviors or the 

multiple ascending bid activities of these bidders. Moreover, the costs involved with 

implementation, administiation, and management of such auctions are much lower as 

compared with those of the Yankee auction since the auctioneer does not have to monitor 

the bids or maintain the lists of current wirming bidders. 

3.3.3 Single-Period Online Auctions Procedures 

In this section, we introduce an optimal sealed bid (^+l)-price auction design for a 

very simple environment. There is one auctioneer hosting an auction of multiple identical 

units of the same hem or good for multiple bidders. Products offered are acquired from a 

manufacturer who has unlimited capacity. The auction lasts only one period and does not 
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repeat over time. For simplicity, we assume that the auctioneer receives a lot-size of A: 

units from the supplier and offers all k items at once. New bidders arrive at the auction 

site, view the hem information and register their bids according to their private 

valuations. The auction closes after t time units have elapsed. The winners are 

announced. These are the highest k bidders. They pay a uniform price equal to the bid 

th 

amount of the (k+l) highest bidder. Due to the random nature of the number of bidders 

who participate in an auction, the number of units sold in an auction is uncertain. In the 

case where some unsold items remain at the end of the auction, these leftovers are 

discarded. This completes the simple auction procedures. 

3.3.4 Expected Auction Closing Price 

The expected auction price of the simple auction situation discussed earlier has 

been determined by Vakrat and Seidmann (2000). The authors perform an empirical 

analysis of the bidders' arrival process during each auction and thus determine the 

expected auction price of the sealed bid (A+l)-price auction. They treat the auction price 

as a fimction of the auction's length and of the stochastic arrival process of new bidders. 

Suppose there are b independent bidders that participate in an auction. Bidder /, / = 1, 

2,..., 6 has a fixed private valuation of an item, v;, beyond which he/she will not bid. For 

simplicity, Vakrat and Seidmann (2000) assume that these values are disttibuted 

uniformly over the interval [ju-s,p + s], where p is the distribution mean and 5 is the 

standard deviation. 
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Let V(i), V(2),.... V(„) be the order statistic of the consumers' actual valuations, 

where V(,) is tiie highest bid, V(2) is the second highest bid, and so on. There are k winning 

bidders at tiie end of the auction. These are bidders with private values v^/>..., V(k), and 

they will pay a price equal to the highest rejected bid V(k+\). The expected auction price. 

Pa, given b bidders in the auction, is expressed as 

Pa = E[v,,^^, I b] 

fJ+S 

= Ma.„l*W^ 
x=^-s 

= p-s + l s ^ . (3.1) 

6 + 1 

According to their empirical analysis, the number of new bidders who arrive at 

the auction site and register their first bid declines over time. Therefore, the authors 

propose that bidders arrive at an auction web site in a non-stationary Poisson process. 

A Poisson process is a continuous-time counting process which has independent 

intervals. This means the number of new bidders arriving at the auction in one time 

interval is independent of the number of arrivals in any other intervals. In other words, 

knowing that there are b bidders in one interval gives no information as to the number of 

arrivals in any other intervals. The rate at which the bidders arrive in an auction is 

denoted Mf)- In a non-stationary Poisson process, this rate varies over time. Vakrat and 

Seidmann (2000) infroduce the bidders' arrival rate in an auction, Mx;i), as 
X 

A(x;0 = V ' ^ , 0 < x < r , (3.2) 
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where t is tiie length of the auction and Â  measures the web site traffic of that auction, 

which could be affected by web site popularity, reputation, etc. The aggregated intensity 

function of this non-stationary Poisson process is defined by 

m(t) = [ /l(x)dx 

= V ( l - e - ' ) . (3.3) 

Here m(t) = Aj(\ - e~') represents the expected number of bidders that arrive 

during the entire auction. Taking into account the random nature of the number of 

bidders, we can rewrite the expected auction price, Pa, as 

(k + m-e-""^'^)^ 
P^=p-s + 2s 1 

V 
(3.4) 

m(t) 

For example, consider an internet auction site with web traffic /la = 8. The seller 

offers 10 items in an auction with duration of 7 days. The bidders' valuations of the 

product are distributed uniformly over the range [$90, $110]. 

The solution is as follows: Given ^ = 8, A = 10, r = 7, // = 100 and .s = 10. To find 

the expected auction price, we first proceed by finding the expected number of bidders 

that arrive during the 7-day auction, m(t). Substituting ^ = 8 and ^ = 7 into Equation (3.3) 

yields 

m(t) = lj(\-e-') = 8(7)(l-e-') = 35.40 bidders. 

The expected auction price, Pa, of this auction is therefore 

P^=p-s + 2s 
r {k+m-e-""^'^) ( ')^^ 

1 -
V 

m(t) 
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= 100-10 + 2(10) 
f, n(\-e'''')] 

1-
35.4 

= $103.79, 

which means tiiat the seller will be able to sell 10 units at $103.79 each. The expected 

total seller's revenue is ($103.79 x 10 items) = $1037.90. 

3.3.5 Auctioneer's Expected Profit Function 

The ultimate goal of the seller is to maximize the expected profit as a fimction of 

the number of items to be sold and the auction's length. Profit realized in each auction is 

the difference between revenue generated and its associated costs. These are fixed 

ordering cost, purchase cost, auction set-up cost, holding cost, transportation cost, and 

disposal cost. Due to the random nature of demand, the auctioneer expects to have unsold 

items of C/units at the end of the auction. To account for these excess stocks, let us first 

define Zto be the number of items sold, which is the minimum between the auction 

quantity and the expected number of bidders: i.e., Z = min {m(t), k}. Here, Z is a non-

negative random variable. The profit fimction of an auction, TTa, can then be expressed as 

TTa = revenue - purchase cost - ordering cost - auction set-up cost 
- holding cost - transportation cost - disposal cost 

= ZP^-kC,-0-A-ktIC^-C,-UC, (3.5) 

The auctioneer's expected profit per auction, E[7ra], is 

E[7rJ = E[Z]P, -kC^-0-A-ktIC, -C, -E{U]C, (3.6) 

42 



where £[Z] is tiie expected number of unhs sold and E[U] is the expected number of 

leftovers. To maximize tiie expected profit (3.6), we first need to determine E[Z]. Here, 

E[Z] is associated with the number of participating bidders and the number of units 

offered. Consider an auction quantity of A items. The probability of selling no items is 

equivalent to the probability of having zero bidders in the auction. Likewise, the 

probability of selling one item is equivalent to the probability of having only one 

participating bidder. Ultimately, the maximum number of items sold is A, with a 

probability equal to the probability of having k or more bidders in the auction. We 

assumed earlier that bidders' arrivals follow a non-stationary Poisson process with its 

density/given as 

mt.f; 
b\ 

Thus, the probability associated with the number of items sold can be expressed as 

P{Sell = 0} = P{Bidders = 0} = "I^^lJ—^ . -C) 

P{Sell = 1} = P{Bidders = 1} = 

0! 

m(ty-e-"'^'^ 

m(tf-'-e-"^'^ 
P{Sell = A: -1} = P{Bidders = A -1} = ^ j; — 

•^ mu) -e 1 v^ 
P{SeU = A:} = PjBidders > A:} = 2 . ^ = ^ ~ L 
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The expected number of items sold in an auction, E[Z], is therefore 

E[Z] = f^i.p{Sen = i} 
1=0 

O.P{SeU = 0} + l-P{SeU = l} + ... + (A-l).p{Sdl = A-l} + A.|;P{SeU = /} 

m(ty -e-""^'^ 0.e-'"(')+i._^(O -e ' ..,-'"(') 
,...,(k-i).^!i(^);i^,,.Y^^ 

(k-iy. ~k I'-

k-l 

1=0 

m(ty -e ' .«-">(') 

/! + *Z m(t)' -e ' . „->"(') 

i=k 

= e 
-»'(') V^ ^v) 

tf(i-iy. 
+ A 

m(ty -e' "(0 A 

= m(t) • e 
-m(t) * 4 wr /V" ' ( *d yy,(tV . «-'"(') ^ m(t) 

tr(^-l)! 
• + k' 

V '=0 

w(0' • e~ 

Finally, 

£[Z] = m(0-e- ' " ( ' ) .g^ + yt. 1-X 
*zl n,(t\> . ^-"'(0 A /w(0' -e 

1=0 

(3.7) 

Let C/denote the number of unsold items at the end of an auction, then 

k-l 

E[U] = Y,(k-i)-P{Sd\ = i} 
i=0 

= A:-P{SeU = 0} + (A:-l)-P{SeU = l} + ... + l.P{SeU = A-l} + 0.2]P{SeU = /} 
i=k 

00 

= k • P{SeU = 0} + (A: -1) • P{Sen = 1} +... +1 • PfSeU = A: -1} + 0 • ^P{SeU = /} 
i=k 

k-e-"'^'U(k-V)' 
m(ty-e-'"^'^ . m(tY-'-e-"'^'^ ^m(ty-e 

1! 
• + ... + 1 

(^-1)! + o-I 
' • . « - ' " ( ' ) 

i=k ' ! 

44 



Or equivalentiy. 

k-i 

£[t/] = e-"'(".^(A-0 m(ty 
(3.8) 

;=0 

Substituting (3.7) and (3.8) into (3.6) yields. 

E[^J = 
k-2 ,^(t\i m(ty m(0-e-"'<".X^^^^ + -̂ 1 -E 

M yy,(tV ./,-'"(') ^ m(ty -e 
i=0 

P „ - A C „ - 0 - ^ 

-ktlC^-C,- -'"('>• I ; ( A - 0 - ^ ^ ^ 
;=0 '• 

Q - (3.9) 

There is no simple closed form expression of the maximum E[Ka\ as a function of 

auction quantity, A, and auction duration, t. Thus, we resort to solving the equation 

numerically. Figure 3.1 illustrates the expected auction profit as a function of auction 

duration when n = \50,s = 50, ^ = 10, C^ = 70, O = 18, ^ = 10, / = 0.18, C, = 12, and 

Cj= 10. There is a clear indication that as the number of units offered. A, increases, the 

optimal duration, t, increases accordingly. This means that an auction needs to be 

sufficiently long in order to accumulate more demand for a larger quantity of items. 
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Figure 3.1 The expected auction profit as a function of auction duration when 
// = 150, .y = 50, ^ = 10, Ca = 70, 0 = 1 8 , ^ = 10,7=0.18, C, = 12, 
andCj=10. 

3.4 Multi-Period Online Auctions Model 

So far we have determined the optimal auction model for only one period. The 

model can be fiirther extended to a situation in which the auctioneer orders a lot-size 

from a manufacturer and proportionally allocates the items in multiple consecutive 

auctions. Both the auctioneer and the manufacturer now face such questions as how many 

units should be ordered/delivered and how often to do so. By considering the inventory 

positions of the two parties simultaneously, a joint economic lot-size can be obtained. 

This is the quantity that is produced within a single manufacturing set-up. The 

manufacturer can choose to supply the products in smaller sub-batches of uniform size 

with a constant time gap between each delivery instead of supplying the lot-size all at 

once. Agrawal and Raju (1996) have previously showoi that the cost of supplying in 

multiple sub-batches is lower than that of supplying in one large batch when the 

transportation cost is low. This difference is due to the fact that the increase in delivery 
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cost is more tiian compensated by the reduction in inventory cost of both parties. We first 

proceed by stating all the assumptions pertaining to the model. 

3.4.1 Assumptions for the lAT Model 

In addition to tiie general assumptions stated in subsection 3.3.1, the following 

assumptions are included in the multi-period online auctions model. 

1. All auctions are of equal length. 

2. All auctions offer the same number of hems. 

3. There are no time overlaps between auctions. The auctioneer can put up only one 

auction at a time. 

4. A new auction starts as soon as the current auction ends. 

5. Traditional auction procedure is conducted. That is, the auctioneer announces up 

front the number of items to award before an auction starts. 

6. The lower bound of bidders' valuations is always greater than the auctioneer's 

purchase cost (i.e., p-s >C^). This difference guarantees some profit margins in 

terms of selling price for the auctioneer when an item is sold. 

7. Unsold items at the end of the current auction are offered in a subsequent auction. 

8. Unsold items at the end of the last auction are discarded. 

9. Demand for products follows a non-stationary Poisson distribution. Average 

demand is assumed to remain approximately constant with time. 
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3.4.2 Assumptions for the Inventorv System 

Here we provide a listing of the assumptions pertaining to the manufacturer-

auctioneer inventory problem. 

1. There is only a single buyer (auctioneer) and a single vendor (manufacturer). 

2. Shipment is instantaneous. There is no delivery time involved in the model. 

3. Manufacturer's production rate is known, uniform, and continuous. 

4. The costs associated with the system, i.e., production/purchase cost, set-up cost, 

order cost, tiansportation cost, and holding cost, are knovm and constant. 

5. There are no resource limitations (storage space limits, capital restrictions) 

6. No shortages or backorders are allowed. 

3.4.3 Manufacturer's Expected Profit Function 

The auction procedures in the inventory-driven auction model are similar to the 

simple auction model in many ways. However, instead of hosting only a single-period 

auction, the auctioneer now takes into account the possibility of ordering a large lot-size 

from the manufacturer and allocating the items in multiple consecutive auctions. The 

once negligible inventory cost in the single-period auction model now has a significant 

effect on the multi-period online auction design. By considering all the pertaining 

revenues and costs simultaneously, the optimal expected total profit of the system can be 

achieved. As a resuh, the manufactiirer is able to determine the optimal production lot-

size, the delivery lot-size and the delivery frequency. Likewise, the auctioneer can also 
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determine tiie auction quantity and the appropriate auction duration that bring about the 

highest expected profit for both parties. 

The auctioneer plans to offer A units in each auction with equal duration of aime 

unh (Figure 3.2(b)). Because demand is stochastic, there is always a possibility of having 

unsold items at the end of an auction. As discussed previously, the auctioneer expects to 

sell Z in each auction. If the demand during the period equals or exceeds the supply (i.e., 

Z > A:), all k units will be sold at a uniform price equal to Pa- Otherwise (i.e., Z < A), the 

auctioneer sells the first Z unhs at a price Pa and offers the leftovers (A - Z) in the 

subsequent auction. 

Figure 3.2(a) illustiates the manufacturer's inventory over time. The manufacturer 

continuously produces Q units at a production rate P in a single set-up. After the first 

sub-batch of ^i = A: units is transported to the purchaser, the producer continues to 

produce additional Pt units for the next t units of time. As is predetermined here, the 

auctioneer expects to sell E[Z] units in each period and hold the remaining E[t/] units at 

the end of the period. Therefore, at the end of the first period, the auctioneer will have U\ 

units on-hand and demand only q^ =k-U^ unhs for the next auction. Accordingly, the 

manufactiu-er delivers only ^2 ^^^hs to the auctioneer in the second period and holds the 

remaining Pt - q^ units. Again, during the next interval, the manufacturer produces 

another round of P? unhs and supplies only q^=k-U2 unhs and holds back the 

remaining Pt - q^ units. This process continues until all the Q unhs have been produced. 

From now on the producer will stop producing and only supply equal sub-batches of 9, 
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units held in his/her inventory to the auctioneer every t time interval until the inventory 

runs out. The last auction ends at the «"' period, and U„ unsold unhs are discarded. 

(n-l)q-(m-l)Pt 

<i,=k-u. 

qy=k-U, 

^k/F^— t—i 
Q/P 

(a) Manufacturer's inventory level whh tune 

(b) Auctioneer's uiventory level whh tune 

Figure 3.2 Inventory positions of the manufacturer and the auctioneer 
under traditional auction policy. 

The actual number of unsold items in each period, f/, is approximated by E[C/]. 

Since the order quantity Q is supplied to the auctioneer in a sub-batch of k imits on the 

first delivery and in (n-\) uniform sub-batches of size q^ (i = 2,...,n) on the subsequent 

deliveries, we know that 

Q = k + Y,qi, i = 2,...,n (3.10) 
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which is equivalent to 

Q = k + (n-\)q 

where q = k-E[U]. 

(3.11) 

The manufacturer's inventory is the total area under the graph in Figure 3.2(a). 

Let x„, be the manufacturer's inventory per production set-up. It is computed as given 

below. 

2P 

fpt^ 
+ (Pt-q)t 

^ 

+...+ 
^pt' 

+ (m-l)(Pt-q)t 

+ 
(n-\)q-(m-\)Pt (n-\)q-(m-\)Pt 

+ ((n-%-(m-I)Pr)^r-^"-^^^-^^^-^^^^]-H([ l - f2 + 3 + ... + ( ^ - ^ - l ) M 

Substituting Q = k + (n-\)q from (3.11) and rearranging. 

_ r _ (m-\)Pt^ m(m-\)(Pt-q)t 

^'"~ 2P 2 2 
tl^l , D 2 ^ 2 

+ 

+ 

+ 

n'-q'- - 2nq'- - 2mnPqt + 2nPqt + q + 2mPqt - 2Pqt + m^P't' - 2/wP'r + P't 

2P 
2nq^ -n^q^ +2mnPqt-nPqt-q^ -2mPqt-m^P^t^ + Pqt+ mP^t^ 

n^qt - 2mnqt - nqt + m^qt + mqt 

which simplifies to 

k^ +2nq^ -n^q^ -q^ +n^Pqt-nPqt 
x„ = 

2P 
(3.12) 

The value ofxm reflects the amount of the manufacturer's inventory held in one 

production set-up. When there is a knovm, fixed demand per season, the average 
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inventory for the manufacturer, Xm, is obtained by multiplying x„, by the number of 

productions/orders per season (D/Q). Thus, 

U- +2nq^ -n\^ -q^ + n"Pqt -nPqt^ 
X... = 

2P 
D 

Define E\n.,„] to be the expected total profit of the manufacturer per season. It is 

tiie difference between the total sales amount and its associated costs, which is written as 

E\U.m\ = revenue - production cost - set-up cost - holding cost 

= {QCa-QC,„-S-xJC,„)^. (3.14) 

Substituting Q = k + (n-\)q from Equation (3.11) and rearranging to obtain 

E[nj = {(k^(n-\)q)(C,-C„,)-S-xJC,„) ^ . (3.15) 
k + (n- \)q 

3.4.4 Auctioneer's Expected Profit Function 

The auctioneer's inventory is the area under the graph in Figure 3.2(b). His/her 

inventory per production set-up, Xa, will obviously be as 

x^=nkt. (3.16) 

Multiplying Xa by the number of productions/orders per season, DIQ, yields the 

auctioneer's average inventory per season, Xa. 

X.={nkt)^. (3.17) 

Again, the expected total profit of the auctioneer per season, £[11J is the 

difference between the revenue earned from the auctions less hs associated costs. That is. 
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E[Tla] - revenue - purchase cost - ordering cost - auction set-up cost 
- holding cost - transportation cost - disposal cost 

= {nE[Z]P„-QC„ -O-nA-xJC^-nC, - £ [ f / j c j ^ . (3.18) 

Substituting Q = k-it(n-\)q from (3.11) and rearranging, we obtain 

f n(E{Z]P^ -A-C,)-(k + (n- \)q)C^ ^ 
^[nj = 

V" 0-xJC^-E{U„]C, 
D 

k + (n- l)q 
(3.19) 

3.4.5 Expected Joint Total Profit Function 

The system's expected joint total profit can be determined by evaluating 

Equations (3.15) and (3.19) simultaneously. Define ElITr] to be the maximum profit 

shared by the manufacturer and the auctioneer. Then, 

E[u,] = E[nj + E[nj 

or equivalentiy, 

E[U,] = 
(n{E[Z]P^ -A-C,)-0-xJC,-E[U„]C, 

-(k + (n-\)q)C„-S-xJC^ 

D 

k-\-(n- \)q 
(3.20) 

When the inventory systems of the manufacturer and the auctioneer are treated in 

isolation, we can obtain the manufacturer's optimal production quantity and the 

auctioneer's optimal order quantity independentiy. For illustiation purposes, let / /= 170, 

5 = 2 0 , ^ = 6 , C „ = 70 ,C, = 32,C^ = 0,O = 350,^ = 15,5=100,/=0.15, C, =150, 

P = 10, and Z) = 200. By calculating the expected seasonal profit of the trading partiiers 

individually (Equations (3.15) and (3.19)), we find that the auctioneer's and the 
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manufacturer's expected seasonal profits are achieved from different ordering/production 

policies. As illustiated in Figure 3.3, the auctioneer earns the highest expected profit 

when A = 8 units and t = 3 days. This profit continues to increase as n increases. Suppose 

the manufacturer chooses to comply with the auctioneer's purchasing policy by 

delivering according to the auctioneer's optimal order quantity. At« = 9, for instance, the 

manufacturer is experiencing a loss of $ 1,911.95, while the auctioneer is enjoying a profit 

of $6019.43. The total expected profit realized is the sum of the expected profit earned 

by each party, which is $4,107.48. 

Auctioneer —I—Manufacturer A Total 
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No. of deliveries per production set-up, n 

Figure 3.3 Expected profit under the auctioneer's optimal 
purchasing policy (A = 8 units and t = 3 days). 

On the other hand, we can consider jointiy the seasonal expected profit of the 

manufacturer and the auctioneer and find a joint optimal quanthy, which is a 

compromised quantity between the two parties that brings about the highest expected 

total profit of the system EiUr]. By solving Equation (3.20), we find EIUT] as a fimction 
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of the joint economic lot-size, the delivery quantity, the number of auctions, the auction 

quantity and the auction duration. For the same set of parameters mentioned earlier, the 

auctioneer's joint profit is found to be $3,757.72, and the manufacturer's joint profit is 

$4,260.40 (Figure 3.4). Although the auctioneer's profit under the joint policy is less than 

that under the independent policy, such reduction in profit is compensated by a 

substantial increase in the manufacturer's profit. As a result, a higher joint total profit of 

$8,018.11 is realized when A = 8, /* = 3, and ri = 3. By this analysis, we have shown 

that the joint solution is more beneficial than the independent solution and should be the 

preferred policy for both parties. 
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Figure 3.4 Expected joint profit under the joint economic lot-size policy 
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CHAPTER IV 

INTEGRATED ONLINE AUCTIONS USING 

REVENUE MANAGEMENT 

4.1 Intioduction 

In tiie previous chapter, we discussed the procedures for obtaining a solution to a 

fraditional online auction design that integrates the inventory poshions of the 

manufacturer and the auctioneer. Specifically, we based our lAT model on the 

assumption that the auctioneer offers to sell a fixed quantity of a single product type at 

the beginning of an auction. His/her total expected revenue depends on the number of 

bidders who participate in the auction, their valuations of the items, and the auction 

quantity. By precommitting to the number of units to sell in each period, the auctioneer 

loses the opportunity to review the quality of bids before the auction starts. If the actual 

bid quality is lower than expected, the auctioneer has no choice but to sell the items as 

promised. If the actual bid quality is higher than expected, the auctioneer again cannot 

offer to award more items than promised. In either event, the auctioneer faces a problem 

of matching the appropriate auction quantity to the actual demand that yields the 

maximum total profit. To overcome such a problem, we implement the concept of 

revenue management by assuming that the auctioneer does not decide how many units to 

sell in each auction until reviewing the bid quality of all participating bidders. 

Revenue management, sometimes knovm as yield management, can be defined as 

an order acceptance and refiisal process that employs an integrated management of price 
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and inventory. The general concept of a revenue management problem involves product 

price setting and controlling capacity for the purpose of maximizing revenue generated 

from a limited capacity over a finite horizon. In our online auction setting, the auctioneer 

receives a fixed lot-size from the manufacturer every P periods. The auctioneer has to sell 

all tiiese units before the next shipment arrives. He/she does this by conducting a 

sequence of auctions. At the beginning of an auction, bidders arrive, observe items and 

submit a single non-retractable bid according to their private valuations. When the 

auction ends, the seller observes the bids and decides how many units to award based on 

the realized bid values received. By doing so, the seller does not precommit to the 

number of units to sell in each period. If the seller decides to sell a lot of units in the 

current auction, the revenue generated per unit will be low, but this low revenue may be 

compensated by a reduction in holding cost of the remaining inventory. If the seller 

decides to award only a few units, each unit sold will bring in relatively high revenue, but 

he/she will have to hold a large amount of remaining inventory, thereby incurring a 

higher holding cost. The task of the seller is to balance between awarding a few units at a 

high price, leaving a large inventory for the subsequent periods, and awarding many unhs 

at a relatively low price, which in turn, lowers the inventory cost of the remaining items. 

In the next section, we state all the assumptions pertaining to the integrated online 

auctions using revenue management model. Then, we introduce a dynamic programming 

(DP) algorithm to tackle the product allocation problem on the auctioneer side. This 

discussion is to be followed by an integration of the inventory poshions of both the 

auctioneer and the manufacturer and an evaluation of all corresponding profits obtainable 
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from the proposed product allocation and production policy. We refer to this policy as the 

Integrated Online Auctions using Revenue Management (lAR) policy. We will use the 

same auction price fimction P„ as that discussed in Chapter III. The C++ source code for 

tiie DP algoritiim and the optimal profit fimction of the lAR model is provided in 

Appendix A. 

4.2. Assumptions for the lAR model 

In addition to the general assumptions made in subsection 3.3.1, and the 

assumptions for the inventory system made in subsection 3.4.2, the following 

assumptions are included in the lAR model. 

1. All auctions are of equal length. 

2. There are no time overlaps between auctions. The auctioneer can put up only 

one auction at a time. 

3. A new auction starts as soon as the current auction ends. 

4. The auctioneer does not precommit to the number of units to sell in each 

period. In other words, the auctioneer does not announce the number of items 

to award in an auction until all bids have been received. 

5. At the end of every P periods, the inventory of the auctioneer is zero. The 

auctioneer has to sell all items on-hand before the next shipment arrives. 

6. The lower bound of bidders' valuations is always greater than the auctioneer's 

purchase cost (i.e., p-s>C^). This difference guarantees some profit 

margins in terms of selling price for the auctioneer when an item is sold. 
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7. Demand for products follows a non-stationary Poisson distribution. Average 

demand is assumed to remain approximately constant with time. 

4.3 Dynamic Program for Determining the Optimal Product Allocation Policv 

The auctioneer receives an initial lot-size of ^ items at the beginning of the period 

(inventory level is q). By the time the next shipment arrives (after P periods), all q units 

must be sold, thereby bringing the inventory level down to zero. The state of the system 

will be represented by the number of items on-hand. At the beginning, the auctioneer 

receives q items from the manufacturer. For a total of ^ items, there areq+ \ (q,q-l, 

..., 1,0) states. State q represents the boundary condition. In each of the other stages, the 

number of items to award is determined by the recursive relation. 

A convenient way to look at the DP problem is as a one-way network with the 

number of nodes equal to exactly one more than the number of the initial capacity q 

(Figure 4.1). Nodes represent the number of items on-hand and arcs represent profits 

obtainable from moving from one node to another. For any pair (i,j), with / >j, if the arc 

(i,j) is on the path, it means that the number of items to award in the auction is equal to 

the difference between / and7. The inventory level is then reduced from i toj units. Node 

j is the next node to consider. Note that all paths end at node 0 (inventory level is zero). 

Figure 4.1 Network representation for product allocation. 
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We start the DP procedure by calculating the total variable profit matrix for all 

possible auction quanthy alternatives, with an initial capacity of ^ items. The total 

variable profit is defined as revenue generated by selling A = / -j items less holding and 

auction set-up costs. Define JZy to be the total variable profit generated by awarding / -j 

items given there are currently / items on-hand: 

7ry=Ry-ICji-A for q>i>j>0, (4.1) 

where 

Rij = total revenue generated by awarding k = i -j items 

Define the OVF (Optimal Value Function) as 

j ^ = the maximum possible profit generated from awarding the first q -7 items 

given that the current inventory level is7 items. 

The procedure starts with/^= 0 and calculates/^.i, fq-2,---,fh fo respectively using 

the recursive relation as stated below. 

The boundary condition is 

/.=o. 

The recursive relation is 

f = max(;^- +fi) for / = ; + / , j+2, ... q (4.2) 

For each auction, all combinations of auction quantity alternatives and 

supplementary j ^ are compared. The best (highest profit) combination is recorded as the^ 

sfrategy to award the first q -j items. The value of/o is the maximum profit obtainable 

from the optimal product allocation policy. To determine the corresponding auction 
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quantity in each period and the number of auctions to run, retrace the solution back from 

the beginning. 

For example, an auctioneer receives an initial lot-size of 4 items from the 

manufacturer. Each item has a unit purchase cost, Ca of $50, an inventory carrying cost 

rate, /o f 0.2. The auction set-up cost, A is $5/auction. For simplicity, suppose that 

product's unit price is a function of the number of units awarded in the auction as shown 

below: 

A (unit) 
1 
2 
3 
4 

Unit price ($) 
82 
79 
76 
71 

Figure 4.2 illustiates a network representation for the proposed DP procedure. 

There are a total of ^ + 1 = 5 nodes. Node 4 represents the origin node and Node 0 

represents the destination node. 

Figure 4.2 Network representation for a product allocation policy with q-4. 

Using Equation (4.1), the total variable profit for each state of the system can be 

obtained as follows: 

;r43=82(I)-0.2(50)(4)-5 = 37 

;r42=79(2)-0.2(50)(4)-5 = 113 

;r4, =76(3)-0.2(50)(4)-5 = 183 
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^4o=71(4)-0.2(50)(4)-5 = 239 

^32=82(l)-0.2(50)(3)-5 = 47 

^r,, =79(2)-0.2(50)(3)-5 = 123 

;r3o= 76(3)-0.2(50)(3)-5 = 193 

n:,, =82(l)-0.2(50)(2)-5 = 57 

;r2o= 79(2)-0.2(50)(2)-5 = 133 

;r,o=82(l)-0.2(50)(l)-5 = 72. 

Using tiie dynamic programming algorithm (4.2), calculatejf;; for all stages and 

tiace back the solution at/o to identify the optimal product allocation policy: 

/ 4 - O 

/ 3 = ^ 4 3 + / 4 = 3 7 

. 1̂ 32 +/3 = 
/-, = max< 

K 2 + / 4 = 1 1 3 

= 47 + 37 = 841 
= 113 

/ , = max-

/o = max-

^2i+/2 =57 + 113 = 170 

;z-3,+/3 =123 + 37 = 160 

^4 ,+ /4=183 

';r,o+/, =72 + 183 = 255 

^2o+/2 =133 + 113 = 246 

^3o+/3 =193 + 37 = 230 

^,,+f,=239 

= 183 

= 255. 

The optimal solution yields the maximum profit of/o = $255. Tracing back the 

solution from/) t o ^ , we find that the auctioneer should allocate the items into 2 different 

auctions [arcs (4,1) and (1,0)], with A:i = 3 items and Aa = 1 item. 
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4.4 Profit Functions for the lAR Model 

So far we have successfully implemented the concept of revenue management to 

obtain tiie optimal number of items to award in each auction and the total number of 

auctions, given tiiat tiie auctioneer receives a fixed lot-size of ^ units from the 

manufacturer every P periods. Next, we seek to integrate the inventory positions of the 

auctioneer and tiie manufacturer and jointly consider their expected total profits to 

determine tiie optimal production and auction policy that yields the highest expected 

profit for both parties. 

4.4.1 Manufacturer's Expected Total Profit Function 

The inventory poshions of the manufacturer and the auctioneer under revenue 

management are illustrated in Figure 4.3. Although it may look similar to Figure 3.2, 

which describes the inventory pattern of the manufacturer and the auctioneer under the 

fraditional auction policy, there are two important distinctions. Under the revenue 

management policy, the manufacturer can now deliver a uniform sub-batch of size q 

every P periods since the uncertainty of having unsold items at the end of each auction no 

longer exists. In addition, the auctioneer also has the flexibility of awarding different 

quantity in each auction, even though the auction duration is to remain constant 

throughout the entire production/ordering cycle. 

As depicted in Figure 4.3, the manufacturer continuously produces Q imits at a 

production rate of P in a single set-up but supplies them in sub-batches of uniform size of 

q units every P periods. After the first sub-batch of ^ units is transported to the purchaser 

63 



(auctioneer), the manufacturer continuously produces to meet the demand for the next P 

units of time. During this period, the manufacturer has already produced PP unhs. Since 

we assumed that the manufacturer would supply in uniform sub-batches of size q, then 

after supplying the second sub-batch ofq unhs, the manufacturer has to hold the 

remaining PT-q units in the inventory. Again, during the next interval the manufacturer 

produces another round of PP units, supplies only q units and holds back the remaining 

PT- q units. This process continues till all Q units have been produced. From now on the 

producer wdll stop producing and only supply equal sub-batches of ^ units held in 

inventory to the auctioneer every Ptime interval until the inventory runs out. 

Q-(m-l)PT-q 

^q/P-^f^T-^ 

(a) Manufacturer's inventory level with time 

H^t^frt^ 

(b) Auctioneer's inventory level with time 

Figure 4.3 Inventory positions of the manufacturer and the auctioneer 
under revenue management policy. 
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We know that the order quantity Q is to be supplied in uniform sub-batches of 

size q'mn consecutive deliveries. Thus, 

Q = nq. (4 3) 

In addition, tiie manufacturer's shipment interval of Pperiods is equivalent to the 

duration of each auction, /, times the total number of auctions being run, a. Therefore, 

P = at. (4.4) 

The manufacturer's inventory per production run, denoted by jc„, is the area under 

the graph in Figure 4.3(a). It is written as: 

^m = + 

2P 

.2 ^ PJ'^ 
+ {PT-q)r + ...+ 

tpj^i 
•\-{m-l\PT-q)r 

+ 
Q-{m-\)PT-q^[Q-{m-\)PT-q^ 

2 

+ {Q-{m-l)PT-qiT-
Q-{m-\)PT-q 

P 
+ [l + 2 + 3 + ... + (« -w- l ) ]9P . 

Substituting Q = nq from Equation (4.3) and rearranging. 

_ q' (m-\)PT' m(m-\)(PT-q)T n'q' -2mnPqT + 2nPqT-2nq' 

^'" ~ 2P 2 2 2P 
> 2 T 2 2 ^ 2 

+ 

+ 

+ 

m'P'T' - 2mP'T' + 2mPqT + P'T' - 2PqT + q 
2P 

.2 n2rr2 2rr2 2mnPqT - n'q' + 2nq' - m'P'T' - 2mPqT - nPqT + mP'T' + PqT - q 

n^qT - 2mnqT - nqT + rn^qT + mqT 

which can be reduced to 

- ^ . M 

2nq' -n'q' +n'PqT-nPqT 

2P 
(4.5) 
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In tiie case there is a knovm, fixed demand per season, the average inventory for 

tiie manufacturer per season, X„„ is obtained by multiplying x„, by the number of 

productions/orders per season (DIQ). 

X... = 
^ 2nq^ - n^q^ + n^PgT - nPqP] D 

V 2P Q 

On furtiier simplifying the above equation and substituting Q = nq from Equation 

(4.3), we get 

X„, = {2q -nq + nPT - PT)~ (4.6) 

The manufacttirer's expected profit per season, E\Y{rn\, is the difference between 

the total sales amount and hs associated costs. Thus, 

E\Y\m\ = revenue - production cost - set-up cost - holding cost 

= {QC.-QC^-s-xjc„,)^. 

After substitutmg Q = nq and simplifying, 

E[nj = iC^-CjD-^-^^^^^£^. (4.7) 
nq nq 

4.4.2 Auctioneer's Expected Total Profit Function 

As previously shown, the auctioneer's total variable profit per shipment of size q 

is obtainable by using the proposed DP procedures. Next we proceed to find the 

auctioneer's total profit per production set-up, which is composed of « shipments of equal 

sub-batches of size q. Recall from Equations (4.1) and (4.2) that the holding cost and the 
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auction's set-up costs have already been accounted for in these two equations. The 

auctioneer's total profit per production set-up can be expressed as 

Auctioneer's total profit per production set-up = (total variable profit per shipment)(n) -
(purchase cost per shipment)(n) -
(transportation cost per trip)(«) -
ordering cost. 

Or equivalentiy. 

Auctioneer's total profit per production set-up = «/o - QCa - nC, - O, (4.8) 

where C, = fixed tiansportation cost ($/trip) 

O = auctioneer's ordering cost ($/order). 

Multiply Equation (4.8) with the total number of productions/orders per season, 

D/Q, gives us the auctioneer's expected profit per season, £'[rLj 

E[U^ = {nf,-QC,-nC,-0)^-

After substituting nq for Q and simplifying, 

£[nj = M_c,D-£^-^. (4.9) 
q q nq 

4.4.3 Expected Joint Total Profit Function 

Recall from the previous two subsections that the manufacturer's and the 

auctioneer's expected profit per season are found as 

. V SD xJC^D 

mj-(c.-c.)D---^^ 

q q nq 
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The outcome of a simultaneous evaluation of the two equations above will be the 

expected joint total profit of tiie system, EIHT], which is the maximum profit shared by 

the manufacturer and the auctioneer: 

E[n,] = E[nj + E[nj 

or equivalentiy. 

(r^ ^ . SD xjcn\ £[n.]= {c^-c„,)D- + 
f,D ^ ^ C,D OD 

\ q " q nq ^ 
(4.10) 

^ nq nq 

The C++ source code for the expected total profit function is provided in 

Appendix A. Given the necessary information, namely the bidder's arrival rate ?ii), 

bidder's valuation parameters p and s, website popularity Xa, auction set-up cost A, 

ordering cost O, auctioneer's unit purchase cost Ca, transportation cost C,, inventory 

carrying cost rate /, production rate P, manufacturer's unit purchase cost Cm, and 

production set-up cost S, the maximum expected joint total profit £[nr] can be found 

along with the corresponding optimal auction quantity ki , auction duration t, number of 

auctions per shipment a*, delivery quantity q , order quantity Q , and the number of 

deliveries per production n . 

4.4.4 Production Capacity Constraint 

The expected joint total profit fimction is based on the assumption that the 

manufacturer has sufficient capacity to produce the required order quantity in time. In 

other words, the number of items produced must be greater than or equal to the number 

of items to be delivered, otherwise a shortage may result. According to Figure 4.3, PP is 
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tile number of items produced every delivery cycle of P periods, and q is the delivery 

sub-batch size. From this, we derive that 

PT>q. 

Divide botii sides by Pto obtain 

P > ^ . 
P 

After substituting P= a/ from Equation (4.4), 

P^-- (4.11) 
at ^ ' 

It is important that the optimal solution obtained from Equation (4.10) does not 

violate the above consfraint otherwise a shortage will occur. In that case, we can no 

longer use the resulting q , and t . The optimal solution will no longer be feasible and we 

must look for the next best q and t that give a near optimal, but feasible solution. 

For example, consider the following data for an online auction setting: bidders' 

valuation distribution ~ U(// = 170,5 = 20), website traffic Xa = 6, auction set-up cost A = 

$15/auction, ordering cost O = $350/order, auctioneer's unit purchase cost Ca = $70/imit, 

fransportation cost C, = $150/trip, inventory carrying cost rate / = 0.15, manufacturer's 

production rate P = 10 units/day, manufacturer's unit production cost Cm = $32/unit, 

manufacturer's set-up cost .5'= $100/set-up, seasonal demand D = 200 units/season. 

The results of the expected profit fimction under the revenue management concept 

have been summarized and presented in Figure 4.4. 
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-3K—Auctioneer —I—Manufacturer —*—Total 

No. of deliveries per production set-up, n 

Figure 4.4 Expected joint profit under the revenue management concept 
(q =10 units and t =3 days). 

The maximum expected joint total profit realized for this particular online auction 

setting is found to be $9,224.48 per season. Out of the $9,224.48, $5,651.15 is the profit 

realized by the auctioneer, and the remaining $3,573.33 is the profit realized by the 

manufacturer. The auctioneer and the manufacture should operate under the following 

policy: 

Order quantity, Q =30 

Number of deliveries per production cycle, n =3 

Delivery quantity (sub-batch size), ^ = 10 

Number of auctions, a =2 

Product allocation policy: k^ =6,kl =4 

Auction duration/^ =2. 
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To ensure tiie feasibility of the resuhs, we must check whether the manufacturer 

has tiie production capability of meeting the ordered quantity. Recall the expression from 

(4.11) 

P>±. 
at 

Substituting the values of P, q*, a* and t* yields 

1 0 > i ^ 

2(2) 

or equivalentiy, 

10 > 2.5. 

The production rate P of 10 imits is indeed greater than the required quantity of 

2.5 units. Therefore, the solution we obtained from this example is both feasible and 

optimal. 
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CHAPTER V 

EXPERIMENTAL DESIGNS AND RESULT ANALYSIS 

5.1. Intioduction 

In Chapters III and IV, we presented the I AT and the lAR models, which operate 

under different product allocation policies. The models were coded in C++ language 

(Appendix A) and run on a Pentium III, 500 MHz personal computer. As mentioned in 

Chapter IV, the advantage of the lAR policy over the lAT policy is evident since the lAR 

policy provides the auctioneer flexibility in adjusting the auction quantity according to 

the quality of bids received in a particular auction. Such flexibility eliminates the 

uncertainty of having unsold items at the end of a slow auction and, at the same time, 

provides the auctioneer an opportunity to award more units when demand is favorable. In 

this chapter, we would like to assess the performance of the lAR model in comparison 

with that of the lAT model. To do so, we calculate the relative deviation between the 

expected total system profits obtained from the two models. The percentage deviation 

value, serving as a dependent variable, is calculated as 

where £[11 ̂ J^^ is the expected total system profits obtained from the lAR model and 

E[Uj. ]j^j. is the expected total system profits of the lAT model. 

Since the solutions of the models may depend on several factors such as demand 

rate, holding cost, transportation cost, etc., we seek to identify the significance of selected 
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factors and analyze the relative performance of tiie lAR model. Once the significant 

variables are identified from the statistical analysis, we will fiirther investigate their 

individual effects on the model's performance. It should be noted that some notations are 

defined differently in this chapter in order to follow the conventional notations used in 

the statistical analysis. For example, A denotes the number of factors used in the 

experimental design instead of the auction quantity. 

5.2 Variables Selection 

This section discusses the importance of the chosen factors based on a priori 

understandmg of the lAR model. Four variables, namely the webshe traffic, the inventory 

carrying cost rate, the auctioneer's ordering cost, and the transportation cost, are the 

factors of choice. 

5.2.1 Website Traffic (Factor A) 

Based on subject matter, we suspect that the demand rate should have a direct 

effect on the lAR model's performance. A higher demand rate should lead to a higher 

system's expected total profit. In our online auction setting, the demand rate directly 

depends on the website traffic. Recall from Equation (3.3) that the expected total number 

of bidders that arrive during the entire auction, m(t), is a fimction of website traffic, X^, 

(i.e., m(t) = Xj(l - e ' ' ) ) . As the website experiences higher traffic, this increase in X^ is 

translated into an increase in the total number of bidders in an auction. Therefore, we 

73 



choose to vary X^ in order to investigate the effects of demand rate on the relative 

performance of the lAR and the lAT models. 

5.2.2 Inventorv Carrying Cost Rate (Factor B) 

The most obvious factor to be chosen in our experimental design is the inventory 

carrying cost rate, I. It is probably one of the most important factors which may have 

significant impact on the performance of the model. If there is no inventory cost, the 

manufacturer can produce as many items as desired and, perhaps, deliver these items in 

one big lot size. When the inventory holding cost rate is high, the manufacturer needs to 

manage the production carefully. This is because that the inventory cost exists at every 

pohit m time as long as the products are still on hand. Under poor production and 

delivery planning, a high inventory carrying cost rate could infiate the system cost to an 

undesirable range. 

5.2.3 Auctioneer's Ordering Cost TFactor C) 

The ordering cost is the cost to the auctioneer of placing an order. When the 

ordering cost is high, the auctioneer will tend to buy many more items at a time in order 

to minimize the number of orders placed. When the ordering cost is low, the auctioneer 

will tend to order less, and the corresponding inventory on hand will also be lower. The 

decision of the auctioneer is to find a balance between the ordering cost and the holding 

cost, which will consequentiy affect the production and delivery schedule of the 

manufacturer. 
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5.2.4 Transportation Cost (Factor D^ 

The tiansportation cost is the cost of delivering products from one business 

partner to another. Since the auctioneer is the one responsible for the transportation cost, 

he/she wdll tend to order more items (larger Q) at a time when the transportation cost is 

high. However, when the tiansportation cost is low, the auctioneer will tend to order 

fewer items (smaller Q) at a time so as to keep inventory level at minimal. In our case 

context, the ordered quantity Q is delivered in multiple sub-batches of size q. Such 

shipment of smaller sub-batches incurs extra delivery costs for the auctioneer, a factor 

which we believe to have a significant impact on the performance of the system. 

5.3 Experimental Designs 

The commonly used experimental designs for the study of the effects of two or 

more factors are the 2 and 3 factorial designs, where A represents the number of factors. 

The 3* factorial designs are generally used when a quadratic relationship between each 

factor and the response variable (percentage deviation) is suspected (Montgomery, 1997). 

According to the preliminary analysis of the 3* factorial design (Appendix B), we find 

little evidence of such a quadratic relationship for all factors except for factor C (ordering 

cost) where there is an obvious downward V-shape pattern (see Figure 5.1). Therefore, to 

account for such a quadratic relationship between factor C and percentage deviation, we 

choose to conduct a fiiU model of 3* factorial design where A = 4. A fiiU model means that 

all main effects and their interactions have at least one data replication (Montgomery, 

1997). Our model is also a fixed-effects model, which means the factor levels, or 
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tieatinents, are pre-selected specifically because they suit our particular interest. Since we 

have four factors for the experiment and each factor has three levels, it would be a 3'' 

factorial design, which has 81 treatment combinations. We will set the significance level 

a = 0.05 for all cases in the experiment. Throughout the experiment, we represent the 

factor levels by tiie digits 0 (low), 1 (medium), and 2 (high). The details of each freatment 

combination are presented in Table 5.1. 

Relationship between different levels of 
factor C and the dependent variable 

0 1 2 

Levels of factor C (ordering cost) 

Figure 5.1 Quadratic relationship between the ordering cost 
and the percentage deviation. 

We use 10 replications for each treatment combination. These 10 replications will 

ensure that our sample size is adequate for making any statistical inferences. The range 

and the values of the factors involved in our experiment are listed in Table 5.2. All other 

variables that are not included in the main factors are assumed to be constants, as shown 

in Table 5.3. 
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Table 5.1 The 3" factorial design (81 treatment combinations). 

Treatment 

1 
2 
3 
4 
5 
6 
7 
8 
9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 

A 
0 

0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 

Level 
B 
0 
0 
0 
0 
0 
0 
0 
0 
0 

2 
2 
2 
2 
2 
2 
2 
2 
2 
0 
0 
0 
0 
0 
0 
0 
0 
0 
1 
1 
1 
1 

c 
0 
0 
0 
1 
1 
1 
2 
2 
2 
0 
0 
0 
1 
1 
1 
2 
2 
2 
0 
0 
0 
1 
1 
1 
2 
2 
2 
0 
0 
0 
1 
1 
1 
2 
2 
2 
0 
0 
0 
1 

D 
0 
1 
2 
0 
1 
2 
0 
1 
2 
0 
1 
2 
0 
1 
2 
0 
1 
2 
0 
1 
2 
0 
1 
2 
0 
1 
2 
0 
1 
2 
0 
1 
2 
0 
1 
2 
0 
1 
2 
0 

Treatment 

41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 
66 
67 
68 
69 
70 
71 
72 
73 
74 
75 
76 
77 
78 
79 
80 
81 

A 

2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 

Level 

B 

2 
2 
2 
2 
2 
2 
2 
2 
2 
0 
0 
0 
0 
0 
0 
0 
0 
0 

2 
2 
2 
2 
2 
2 
2 
2 
2 

C 
1 
1 
2 
2 
2 
0 
0 
0 
1 
1 
1 
2 
2 
2 
0 
0 
0 
1 
1 
1 
2 
2 
2 
0 
0 
0 
1 
1 
1 
2 
2 
2 
0 
0 
0 
1 
1 
1 
2 
2 
2 

D 
1 
2 
0 
1 
2 
0 
1 
2 
0 
1 
2 
0 
1 
2 
0 
1 
2 
0 
1 
2 
0 
1 
2 
0 
1 
2 
0 
1 
2 
0 
1 
2 
0 
1 
2 
0 
1 
2 
0 
1 
2 
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Table 5.2 The main factors and their values. 

Factors considered 
in the experiment 

Website tiaffic (A) 

Inventory carrying cost rate (B) 

Ordering cost (C) 

Transportation cost (D) 

Levels 

Low (0) 

5 -8 

0.05-0.10 

55-70 

100-300 

Med(l) 

12- 15 

0.25 - 0.30 

95-110 

170-200 

High (2) 

19-22 

0.45 - 0.50 

125 -140 

240 - 270 

Unit 

bidders/t 

$/order 

$/tiip 

Table 5.3 Fixed variables and their values. 

General 

Auctioneer 

Manufacturer 

Fixed variable 

Demand per season 

Bidders' mean valuation 

Dispersion of bidders' valuation 

Set-up cost 

Purchase cost 

Disposal cost 

Production rate 

Set-up cost 

Purchase cost 

Values 

200 

230 

20 

30 

70 

0 

20 

100 

32 

Unit 

units/season 

$/umt 

$/umt 

$/set-up 

$/umt 

$/unit 

units/t 

$/set-up 

$/unh 
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5.4 Statistical Analvsis 

An example of the raw data from our experiment is displayed in Appendix C. 

From the outputs, we first test tiie normality assumption and the constant variance 

assumption of the residuals to determine the appropriate type of statistical techniques to 

be used. If one of the assumptions is violated, we can no longer use the ANOVA method. 

An alternative is to use nonparametiic methods, which do not assume a particular 

population probability distiibution, and are therefore valid for data from any population 

witii any probability distiibution (Conover, 1999). In order to verify these two 

assumptions, we can use statistical software such as SAS to generate the scatter plot and 

the normal probability plot, and to perform the normality test using the Shapiro-Wilk (W) 

statistic with the hypothesis stated as 

HQ : Data are from a normal distribution 

//, : Data are from a nonnormal distiibution. 

The SAS source code for performing the normality testing is provide in Appendix 

D. To determine whether 'to reject' or 'not to reject' a null hypothesis, the/?-value 

approach is used generally in practice. The p-value indicates the probability that one 

would obtain a test statistic that is at least as extreme as the observed value when the null 

hypothesis HQ is true (Montgomery, 1997). The outputs from the UNIVARIATE 

procedure shown in Table 5.4 indicate the value of the Shapiro-Wilk test statistic W= 

0.382178 and/»-value of less than 0.0001. Since this/^-value is smaller than 0.05 (we use 

significant level of 0.05), we reject H^ and conclude that the residuals do not follow a 
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normal distiibution. An asymmefric pattern in the histogram and a slight curvatiire in the 

normal probability plot. Figure 5.2, confirm our finding. 

Table 5.4 UNIVARIATE procedure for untransformed data. 

N 
Mean 
Std Dev ia t i on 
Skewness 
Uncorrected 88 
Coeff V a r i a t i o n 

Test 

Shap i ro -Wi l k 

The UNIVARIATE Procedure 
Var iab le 

810 
0 

11.4883886 
3.47269232 
106774.306 

Tests f o r 

: RE8ID 

Moments 

Sum Weights 
Sum Observat ions 
Variance 
Ku r tos i s 
Corrected 88 
Std Er ro r Mean 

Normal i ty 

810 
0 

131.983072 
54.5691057 
106774.306 
0.40366083 

- - S t a t i s t i c - - - p Value 

W 0 
Kolmogorov-Smirnov D 0. 
Cramer-von Mises 
Anderson-Dar l ing 

382178 Pr < W 
340602 Pr > D 

W-8q 34.91735 Pr > W-Sq 
A-8q 166.7858 Pr > A-8q 

<0.0001 
<0.0100 
<0.0050 
<0.0050 

Histogram 
1ZS** 

65+ ' 

- 1 5 + * " 

• 

* Bay represent up to 9 counts 

# 
1 

1 
2 

1 
1 
1 

11 
382 
3BS 

2S 
7 
1 
2 

1 
2 

Boxplot 

;-•-; 

1264-

SSt 

•18+ 

-85+* 

Nornal Probabi l i ty Plot 

• + • • 

..;;;;'"""" 

-2 -1 0 *1 +2 

• 

_•' 

• + • 

Figure 5.2 Histogram and normal probability plot of untransformed data. 
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The scatter plot for the residuals versus the predicted values, Figure 5.3, is a clear 

indication that the variance is non-constant, with the expected pattern of larger variation 

as the predicted value gets bigger. That is, the dispersion of the residuals on the right 

hand side is wider than the dispersion on the left hand side. Hence, the constant variance 

assumption is violated. 

Plot of RESID*FIT. Legend: A 1 obs, 

PIESIt) 

2 obs, e tc . 

A A A AA 
ABBB D D B C BA 

ZZZZJIZOR 5 I E D CE 
AA F F C J DC 

B A E C 

20 40 80 BO 100 120 140 

NOTE: 4 6 7 obs h i d d e n . 

Figure 5.3 Scatter plot of residuals and predicted values of untransformed data. 

Since the normality assumption and the constant variance assumption are 

unjustified, we use the data tiansformation to fix this problem. We perform various 

transformations of Y such as square (Y^), log tiansformation log(7), invert 

transformation (1/F) and invert square-root transformation (l/VF) . The tiansformation 

that yields the highest value of the ^statistic is the log transformation (W= 0.900429). 

See Table 5.5 for more details of the outputs from the UNIVARIATE procedure. The 
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associated jt?-value of the Pf statistic is less than 0.0001. This value is still much less than 

the desired significance level of 0.05. Once again, we reject the null hypothesis H^ and 

conclude that the data do not come from a normal distribution. The decision to reject the 

null hypothesis for the normality assumption is confirmed by a curvature in the normal 

probability plot provided in Figure 5.4. 

Table 5.5 UNIVARIATE procedure for the log transformed data. 

The UNIVARIATE Procedure 
V a r i a b l e : RE8ID1 

Moments 

N 810 Sum Weights 
Mean 0 Sum Observat ions 
Std Dev ia t i on 0.27189412 Variance 
Skewness -1.1993666 Ku r tos i s 
Uncorrected SS 59.8064682 Corrected 88 
Coeff V a r i a t i o n . Std Er ro r Mean 

Test 

Shap i ro -Wi l k 
Kolmogorov-Smirnov 
Cramer-von Mises 
Anderson-Dar l ing 

Tests f o r Normal i ty 

- - S t a t i s t i c - - -

W 0.900429 
D 0.079226 
W-Sq 1.979754 
A-Sq 11.94974 

Pr < 
Pr > 
Pr > 
Pr > 

-P 

W 
D 
W-
A-

810 
0 

0.07392641 
11.8631126 
59.8064682 
0.00955339 

Value 

Sq 
Sq 

<0.0001 
<0.0100 
<0.0050 
<0.0050 

Normal Probabi l i ty Plot 
0.0+ 

|... 

-2.S+* 

-2 -1 0 *'* +2 

** 

... 

Figure 5.4 Normal probability plot of the log transformed data. 
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Thus far, our attempt to justify the normality assumption and the constant 

variance assumption has failed, even in the case of the tiansformed data. In such case, the 

results from tiie fraditional ANOVA method will be highly questionable. Therefore, we 

resort to alternative nonparametiic methods to analyze our data, which will be discussed 

in the next section. 

5.5 Nonparametric Statistics 

According to Montgomery (1997), a nonparametric test is recommended in 

situations where the normality assumption is invalid. This is because the nonparametric 

test does not assume a particular probability distribution from which the sample is drawn. 

In this study, we use two types of nonparametric tests: the Wilcoxon test £md the Kruskal-

Wallis test. The Wiloxon test is a rank test which deals with the random sample of 

matched pairs that is reduced to a single sample by considering differences. The Kruskal-

Wallis test is a test for differences of means when there are more than 2 samples. It is 

usually a nonparametric alternative to the usual ANOVA. 

5.5.1 Hypothesis Testing on the Means (Matched-Pairs Case) 

A quick glance at the raw data provided in Appendix B tells us that the proposed 

product allocation policy under the revenue management concept (lAR) yields higher 

profits than the traditional allocation policy (lAT) in all treatment combinations. 

Nonetheless, we wish to carryout statistical tests of means to support our claim. There are 

two possible methods to test the means of our matched-pairs case: the paired /-test 
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(parametiic metiiod) and tiie Wilcoxon test (nonparametiic method). In our experimental 

setting, the sample size is 810. Because of such a large sample size, the difference 

between tiie paired Mest and the Wilcoxon test is tiivial. Indeed, when we perform both 

tests on our data, we find that the results of the two tests are in fact agreeable. Our 

hypothesis is stated as: 

^ 0 : y"iAR ^ M lAT 

^\ '• MlAR > /"lAT • 

In otiier words, we wish to test the null hypothesis H„ to see whether the mean 

value of the profits generated from the traditional allocation policy is greater than or 

equal to that generated from the proposed revenue management policy. 

Table 5.6 SAS outputs for the test of means (matched-pairs case). 

Test 

Student's t 
Sign 
Signed Rank 

Tests for Locatior 

-Statistic-

t 14.44133 
M 405 
8 164227.5 

: MuO=0 

p Value 

Pr > |t| <.0001 
Pr >= |M| <.0001 
Pr >= |S| <.0001 

According to Table 5.6, the results from the SAS's UNIVARIATE procedure lead 

to the rejection of HQ with the/>-value of both tests less than 0.0001. From this, we 

conclude that the lAR model yields higher expected system's total profits than the I AT 

model. 
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5.5.2 Factor Levels Testing 

We are interested to see whether different levels of each factor have equal effects 

on the performance of the model. The Kruskal-Wallis test can be used to test the effects. 

In our experimental designs, there are three levels for each factor: low (0), medium (1) 

and high (2). The hypotheses to test the effects of each level of factors are as follows: 

HQ^ : Effects are the same for all levels of the website traffic 

/f, J: At least one of the levels has a different effect than the other(s), 

H^g : Effects are the same for all levels of the inventory carrying cost rate 

i/,g : At least one of the levels has a different effect than the other(s), 

//QC : Effects are the same for all levels of the auctioneer's ordering cost 

Hjc • At least one of the levels has a different effect than the other(s), 

HQ^ : Effects are the same for all levels of the transportation cost 

H,r.:At least one of the levels has a different effect than the other(s). ' ID 

According to Conover (1999), the Kruskal-Wallis test can be used for k random 

samples of possibly different sizes. Denote the /* random sample of size n, by 

k 

J^;i,X,2,...,X;„ , where /= 1, 2,..., A:. Let the total number of observations, N = Y,ni • 
' (=1 

Assign rank I to the smallest of all Â  observations, rank 2 to the second smallest, and so 

on. The largest of all N observations will receive rank N. Let R(Xy) represent the rank 

assigned to Xy, and let R^ = | ] i?(X^) be the sum of the ranks assigned to the i'^ sample. 
>=i 
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For each of the tied observations, assign the average rank to the observations. The test 

statistic rfor the Kruskal-Wallis test is defined as 

S^ 
R; N(N+\y 
n, 

where 

v 2 \ 

s'-j~[z''(^.y-'^ (N+iy 
4 

The decision to reject tiie null hypothesis at the level a = 0.05 is made when T is 

greatiier than its 1 - a = 0.95 quantile from the null distribution. We use the MINITAB 

(release 11) statistical software to perform the Kruskal-Wallis test. The outputs for each 

test are presented in Tables 5.7-5.10. 

5.5.2.1 Website Traffic 

As illustiated in Table 5.1, the treatments numbers 1 - 27 are the low level of 

website tiaffic, the tieatments numbers 28 - 54 are the medium level, and numbers 55 -

81 are the high level. To test the differences between the three levels, we rehypothesize 

the effects of the levels of the website traffic factor as follows: 

HQ^ : Effects are the same for all levels of the website traffic 

i/j^ : At least one of the levels has different effect than the other(s). 
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Table 5.7 Test results for the website traffic factor. 

Kruskal-

A 
0 
1 
2 
Overall 

H 320 

Wallis 

N 
270 
270 
270 
810 

03 DF 

Test on %Dev 

Median Ave Rank 
17.507 579.2 
5.371 417.7 
1.753 219.6 

405.5 

= 2 P = 0.000 

14 
1 

-15 

Z 
94 
05 
99 

From Table 5.7, the Kruskal-Wallis test statistic has ap-value of 0.000, indicating 

that the null hypothesis HQ^ can be rejected at any levels higher than 0.000 in favor of 

the alternative hypothesis of at least one difference among the levels of the website 

fraffic. When the significance level is set at 0.05, we conclude that the effects from 

different levels of the website tiaffic are not equal. Specifically, we find that the effect of 

the low level of the website traffic is higher than the effects of the medium and high 

levels of the factor. 

A low level of the website traffic translates to a small number of bidders, which 

results hi a low auction closing price. Under the lAT policy, the auctioneer is obligated to 

award the exact number of items announced at the begirming of the auction. When there 

are fewer bidders than expected, the auctioneer is exposed to the risk of giving away 

items at an exceptionally low price. On the contrary, the lAR policy eliminates the give

away risk by allowing the auctioneer to observe the bid quality before deciding on the 

number of items to award. When an auction receives a low closing price, the auctioneer 

can choose to award only a few items and withhold the rest for subsequent auctions in 

hope that the website might attract more bidders in the fiiture. As the webshe experiences 
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heavier tiaffic, the advantage of the lAR model diminishes, because the corresponding 

auction closing price will be so close to the upper bound of the bidders' true valuations 

that the auctioneer's give-away risk is almost negligible. 

5.5.2.2 Inventory Carrying Cost Rate Factor 

From Table 5.1, the tieatment numbers 1 to 9 , 28 to 36, and 55 to 63 are 

classified as low level for the inventory carrying cost rate factor. The treatment numbers 

10 to 18, 37 to 45, and 64 to 72 are for the medium level. Lastly, the treatment numbers 

19 to 27, 46 to 54, and 73 to 81 are for the high level. We use MINITAB to perform the 

Kruskal-Wallis test on the differences between the three levels. The hypothesis is 

restated as follows: 

HQ^ : Effects are the same for all levels of the inventory carrying cost rate 

H^g : At least one of the levels has different effect than the other(s). 

Table 5.8 Test results for the inventory carrying cost rate factor. 

Kruskal-

B 
0 
1 
2 
Overall 

H = 320 

-Wallis 

N 
270 
270 
270 
810 

71 DF 

Test on %Dev 

Median 
1.779 
5.844 
9.799 

= 2 P = 0 

Ave Rank 
199.7 
481.2 
535.6 
405.5 

.000 

-17 
6 
11 

Z 
70 
52 
19 

As reported in Table 5.8, we should reject the null hypothesis H^g and conclude 

that the effects from different levels of the inventory carrying cost rate are not equal. In 

88 



addition, we find tiiat tiie performance of tiie lAR model is more noticeable as the 

inventory carrying cost rate increases. This is because when the holding cost is high, the 

system's total profit fimction becomes very sensitive to the number of items on-hand. 

Under such circumstance, significant cost savings can be achieved through an efficient 

inventory management. The lAR model takes into account the balance between the 

revenue generated from selling the merchandise and the holding cost of the remaining 

items, which resuhs in a more cost-efficient production/procurement planning strategy. 

However, when the inventory cost is low, the need for revenue management diminishes 

since the system no longer benefits much from the capacity controlling and product price-

setting flexibility that the lAR model provides. 

5.5.2.3 Auctioneer's Ordering Cost Factor 

Following the classification of the low, medium, and high levels of the 

auctioneer's ordering cost factor (factor C) from Table 5.1, we perform the Kruskal-

Wallis test to detect any differences between these three levels using the following 

hypothesis 

HQ(, : Effects are the same for all levels of the auctioneer's ordering cost 

H^^ : At least one of the levels has different effect than the other(s) 
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Table 5.9 Test resuhs for the ordering cost factor. 

Kruskal-Wallis Test on %Dev 

C 
0 
1 
2 
Overall 

N 
270 
270 
270 
810 

Median 
4.333 
4.333 
4.342 

Ave Rank 
407.3 
405.0 
404 .2 
405.5 

H = 0 . 0 3 D F = 2 P = 0.987 

Z 
0.16 
-0.04 
-0.12 

Table 5.9 shows a/?-value of 0.987. Since thisp-value is greater than our 

significance level of 0.05, we fail to reject the null hypothesis H^^, and conclude that 

effects are the same for all levels of the auctioneer's ordering cost factor. Such finding 

indicates that effect of the ordering cost on the performance of the lAR model is 

negligible. In our settmg, the number of orders placed per season for the lAT and the lAR 

models do not differ much. Therefore, it is not surprising that we find no significance in 

the auctioneer's order cost factor. 

5.5.2.4 Transportation Cost Factor 

Once again, we refer to Table 5.1 for the classification of the low, medium, and 

high levels of the transportation cost factor (factor D). The effects of the levels of the 

fransportation cost can be tested under the following hypothesis: 

î oD • Effects are the same for all levels of the transportation cost 

H^jj-. At least one of the levels has different effect than the other(s). 
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Table 5.10 Test results for the transportation cost factor. 

Kruskal-Wallis Test on %Dev 

D N Median 
0 270 1.882 
1 270 3.846 
2 270 5.443 
Overall 810 

H = 76.16 DF = 2 P 0 

Ave Rank 
308.1 
429.8 
478.7 
405.5 

000 

-8 
2 
6 

Z 
38 
09 
30 

From the MINITAB output provided in Table 5.10, we reject the null hypothesis 

HQJJ and conclude H^,j that the effects of different levels of the transportation cost factor 

on percentage deviation are not equal. Moreover, we also find that the effects of the high 

level of the fransportation cost are greater than the effects of the medium and the low 

levels. The lAT model assumes a one-to-one shipment policy in which the auctioneer 

receives a shipment lot-size from the manufacturer and sells it in one auction. On the 

confrary, the lAR model operates under a one-to-many shipment policy in which the 

auctioneer receives a shipment lot-size from the manufacurer and allocates these items in 

multiple consecutive auctions. In general, the lAR model requires less frequent delivery, 

which translates into lower transportation cost. This cost-saving advantage makes the 

lAR a much preferred model, especially when the transportation cost is high. 

According to the hypotheses testing for the differences between levels of the 

factors, we find that different levels of factors A (website traffic), B (inventory carrying 

cost rate), and D (transportation cost) have unequal effects on the performance of the 

model. The only factor that does not have a difference between levels is factor C 

(auctioneer's ordering cost). Since the significance of factor C cannot be detected, we 
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will eliminate factor C from our analyis hereforth. Our experimental design is then 

reduced from a 3"̂  to a 3^ factorial design, which has 27 freatment combinations (Table 

5.11). For each factor whose significance has been detected, we will determine the 

confidence interval for tiie tiu-ee levels (low, medium, and high) and provide 

interpretations of tiie results obtained from the MINITAB outputs. 

Table 5.11 The 3^ factorial design (27 treatment combinations). 

Treatment 

1 
2 
3 
4 
5 
6 
7 
8 
9 
10 
11 
12 
13 

A 
0 
0 
0 
0 
0 
0 
0 
0 
0 
1 
1 
1 
1 

Level 

B 
0 
0 
0 
1 
1 
1 
2 
2 
2 
0 
0 
0 
1 

D 
0 
1 
2 
0 
1 
2 
0 
1 
2 
0 
1 
2 
0 

Treatment 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 

27 

A 
1 
1 
1 
I 
1 
2 
2 
2 
2 
2 
2 
2 
2 

2 

Level 

B D 
1 1 
1 2 
2 0 
2 1 
2 2 
0 0 
0 1 
0 2 
1 0 
1 1 
1 2 
2 0 
2 1 
2 2 

5.5.3 Interval Estimation 

So far, we have found significance at different levels of factors A, B, and D. Next, 

we would like to find the interval estimation of the mean percentage deviation at each 

level level of the three factors using the Wilcoxon test. To obtain an interval estimate of 

an unknown parameter 9, we need to find two statistics L and U such that 

P(L<0<U) = \-a 
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regardless of the value of 6. The interval L<e<U is called a 100(1 - a)% confidence 

interval for the parameter ^and the statistics Z and C/are called the lower and upper 

confidence limits, respectively. Conover (1999) provides a procedure to obtain a 1 - a 

confidence interval for tiie mean difference as follows: 

Given tiiat tiie data consist of « observations (x„y,),(x„y,)...(x„,y„)on the bivariate 

random variables (X„Y,),(X„Y,),...(X,„Y„) respectively. Compute the difference 

D,=Y,-X, 

for each pair and arrange them in a nondecreasing order. Obtain the a/2 quantile 

^ai2 from the quantiles of the Wilcoxon test statistic table provided by Conover (1999) 

and consider the n(n +1) / 2 possible averages (D,. +Dj)l2 for all / andy. The w„/2 *'' 

largest and the w„/2 * smallest of these averages constitute the upper and lower limits for 

the 1 - a confidence interval. 

We use MINITAB to calculate the confidence intervals at different levels of 

factors A, B, and D. The outputs for the interval estimation of the three factors are 

summarized in Tables 5.12 to 5.14. 

Table 5.12 Interval estimation for the website traffic factor. 

Wilcoxon Signed Ranl< Confidence Interval 

E s t i m a t e d Ach ieved 
N Median Conf idence 

AO 90 2 3 . 2 95 .0 
Al 90 5 .66 95 .0 
A2 90 2 .176 95 .0 

Conf idence 
( 1 7 . 8 , 
( 4 . 5 0 , 
( 1 .885 , 

I n t e r v a l 
30 .4 ) 
6 .48) 

2 .511) 
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Table 5.12 reports the confidence interval at the low, medium, and high levels of 

the website tiaffic factor. From tiie resuhs, we can state, with 95% confidence that, the 

true mean percentage deviation is between 17.8% to 30.4% when the website traffic is 

low. However, at the medium level, the true mean percentage deviation is between 4.5% 

to 6.48%) and at tiie high level, h reduces to only 1.89% to 2.51%. In other words, the 

advantage of the lAR model over the lAT model is less pronounced as the online auction 

website experiences heavier traffic. 

Table 5.13 Interval estimation for the inventory carrying cost rate factor. 

Wilcoxon Signed Rank Confidence Interval 

E s t i m a t e d Ach ieved 
N Median Conf idence 

BO 90 1.873 95 .0 
Bl 90 7 .70 95 .0 
B2 90 2 0 . 8 95 .0 

Conf idence 
{ 1 .640 , 
{ 5 . 7 8 , 
( 1 0 . 5 , 

I n t e r v a l 
2 .172) 
10 .71) 

27 .2 ) 

As reported in Table 5.13, we are 95% confident that the true mean percentage 

deviation is likely to fall between 1.64% and 2.17% when the inventory carrying cost rate 

is low. At the medium level, the range shifts to be between 5.78% and 10.71%. Lastly, at 

the high level, h is likely to fall between 10.5% and 27.2%. Such findings conform with 

our earlier analysis that the performance of the lAR model becomes more pronounced as 

the inventory carrying cost rate increases. 
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Table 5.14 Interval estimation for the transportat 

Wilcoxon 

DO 
DI 
D2 

Signed Rank Confidence Interval 

N 
90 
90 
90 

E s t i m a t e d 
Median 

3 .63 
6 .55 
9 .25 

Ach ieved 
Conf idence 

95 .0 
95 .0 
95 .0 

Conf 
( 
( 
( 

ion cost factor. 

Ldence 
2 . 9 8 , 
4 . 3 0 , 
5 . 3 5 , 

I n t e r v a l 
5 .66) 
9 .85) 

12 .35) 

Similarly, the performance of the lAR model, as shown in Table 5.14, increases 

as the cost of delivering a shipment becomes more expensive. At the low level of the 

fransportion cost, we are 95% confident that the true mean percentage deviation is likely 

to fall between 2.98% and 5.66%. At the medium level, the true mean percentage 

deviation is between 4.3% and 9.85%. Lastly, at the high level, the range is between 

5.35% and 12.35%. 

5.5.4 Treatment Combinations Testing 

As previous stated, the completely randomized 3^ factorial design consists of 27 

treatment combinations (Table 5.10). We are interested in finding any statistical 

differences between these 27 treatment combinations. Thus, we state the hypothesis as 

HQ : There are no differences among treatments 

H^: At least two treatments are no equal. 

Since there are more than two samples, we will use the Kruskal-Wallis to perform 

the hypothesis testing on the differences between treatments. If the Kruskal-Wallis results 

in rejection of the null hypothesis, a muhiple comparisons procedure for comparing 

individual treatments will be used based on the following hypothesis: 
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^ 0 : /^i = Mj 

where p. and Pj denote the means percentage deviation of treatment i andy, for all ij 

combinations, z ^j, i = 1,...,27, andy = I,...,27. Because the multiple comparisons 

procedure involves only two (matched-pairs) treatment combinations at a time, we will 

use the Wilcoxon test to test the hypothesis of these individual treatments. 

The Kruskal-Wallis test resuhs provided in Table 5.15 indicates a/?-value of 

0.000. Therefore, we reject the null hypothesis that are no differences among the 

freatments and conclude the alternative hypothesis that at least two treatments are 

unequal. As a result, we perform the Wilcoxon test for comparing individual treatments 

to see if there are any differences between the two freatment combinations. The results of 

the multiple comparisons procedure are summarized in Table 5.16. The letter "S" 

indicates that there is a significant difference between the ij pair, / ^j and the letter "N" 

indicates that the significant difference does not exist between the pair. According to 

Table 5.16, the lAR model performs the best at treatment combination 9 (Aiow, Bhigh, and 

Dhigh)- At this treatment combination, we are 95% confident that the true mean percentage 

deviation would fall between 76.6% and 118.3%. Such finding indicates that the revenue 

management concept is especially useful in a highly competitive environment where the 

demand for items is limited and the operating costs are high. On the other hand, 

performance of the lAR model is the lowest at treatment combination 19 (Ahigh, Biow, and 

Diow), with the 95% confidence interval that falls between 0.53% and 0.72%. In such a 
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less competitive environment, the need for an efficient production/procurement planning 

diminishes, and thus the lAT model can perform as good as the lAR model. 

Table 5.15 The Kruskal-Wallis test resuhs on 27 treatment combinations. 

Kruskal-Wallis Test 

Kruskal-Wallis Test on %Dev 

Treatmen 

1 

2 

3 

4 

5 

6 

7 

8 

9 

10 

11 
12 

13 

14 

15 

16 

17 

18 

19 

20 

21 

22 

23 

24 

25 

26 

27 

Overall 

H = 266. 

N 

10 

10 

10 

10 

10 

10 

10 

10 

10 

10 

10 

10 

10 

10 

10 

10 

10 

10 

10 

10 

10 

10 

10 

10 

10 

10 

10 

270 

40 DF 

Median 

1.7772 

3.2865 

4.3756 

11.9475 

18.2727 

23 .8939 

38.5411 

50.8237 

95.4120 

0.8779 

1.9236 

2.4125 

4.8730 

5.6026 

6.7109 

5.8437 

10.8553 

15.3985 

0.6492 

1.3600 

1.6100 

0.7350 

3.6316 

5.0639 

1.5201 

2.6598 

3.2467 

= 26 P = 

Ave Rank 

62.6 

114.1 

142.7 

203.2 

226.3 

234.4 

245.8 

256.0 

264.3 

21.8 

72.8 
86.5 

145.8 

167.1 

182.9 

173.1 
199.8 

214.2 

8.8 

37.7 

55.7 

15.9 

119.5 
151.0 

48.9 

97.6 

110.0 

135.5 

0.000 

Z 

-3 .01 

-0.88 

0.30 

2.79 

3 .75 

4.08 

4.55 

4.97 

5.32 

-4.69 

-2.59 

-2.02 

0.43 

1.30 

1.96 

1.55 

2.65 

3 .25 

-5.23 

-4.04 

-3 .29 

-4.94 

-0.66 

0.64 

-3.57 

-1.56 

-1.05 
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ŵ  

^ 

a 
<+H 

o 
cn 

+ j 

3 c» 
<U 
l-H 

(U 
J3 
H 
VO 

ir i 

<u 
^ CS 

H 

t—1 

o 

o\ 

oo 

l > 

\o 

>rl 

C / : ^ C / 3 C O C / D C / 3 I / 3 c / 3 C / D i y 3 C « C / 3 C / D C / 3 C / 3 C « C « t / 3 C / D C O ! / 3 C « ) Z ; v : t / 3 C / 3 # 

C / 3 c « C / 3 C / D ( / 3 i y 3 c / 3 ( / 3 C / 5 C / a c / 3 C / D C / 2 C / 2 t / 3 [ / l C / 3 C / D C / i I / 3 C / 3 C / 3 C / 2 ! / ) C / 3 * 

m m c f i v i x j ^ T n i r i i n x n i / y x n v i x n K / i x n x f i x n u i u i i / i ^ t n i / i t n * 

c o c / 3 ^ c o c o c / 2 o o c o c o c / 2 c « c « ; z ; c / 3 c / 3 c « o n c r ) c n c / 5 c o c « c / 3 * 

C / 2 ; 2 ; c / 2 0 ' 2 0 O C O G O C / 3 C A l C / 3 C O C / 3 C O C / 3 0 O G O C / ! C / D C « C « C A l C / 3 * 

t / l C / 2 C O C / 3 C O t / l I / 3 C O C / D | Z ; ( / l C « ! / 2 C / 3 C / 3 C n C / : i C / 5 ; Z ; c n C « * 

; z ; ! / 3 c « i / 3 c o c « ! / : c / ! i y D ! y 3 c « c / D c y 5 c y : i ! / 3 o o c / 3 c / 5 c / 3 c o * 

C « C / D 0 O I / 3 0 r i ! / 5 ( / 5 t O I / 2 C O l / 3 1 / 3 1 / 3 C « C O I / 3 t O C « c r i * 

t / 2 C / J C / 3 t / 5 C « C O C / 2 C O C / 3 C / 3 C / 3 C « C / 3 C / 3 C / D C / D C / D C / 5 * 

C / 3 C / D C O C O C O C « C O C / D C / D C O C O C O C O C / 0 I / : c « C « * 

t / 3 t / 3 C / 3 C C C O C / 2 ! Z l C « C « C / 2 G O t / 3 C O ; Z ; ! / 3 * 

C « t Z ! t / D C / D C « t / : C « C « t / 3 C / D C « C « t / 2 C « * 

C / 2 t / 3 t O t / 5 [ / 2 C « t / 5 ! / l [ Z l C / 3 C « C / : i I / l * 

! / 3 0 2 ^ t / : t / l C / D C / : i I > 5 C / 2 t / 3 C « ! Z 2 * 

C / a C / 2 C / D & O C « C / 3 C / 3 t / l C O C « C / 2 * 

Z c / 3 C / D I > 5 C / 2 C / : i I Z l C « I > 2 ( / 3 * 

C / 5 C / 3 C / : i C / 3 C O t / 3 C / 5 C « t / 3 * 

t / : [ / 3 C / 2 C / 2 C O C / 3 C « C / D * 

[ / 2 C « t / 3 C « t / 2 C « t / 3 * 

C/D 1/3 C/3 I>5 C/2 t/3 * 

C« t/3 C« 1/3 I/l * 

C/2 t/3 1/: CO * 

CO [/3 1/3 * 

C/3 CO * 

^ < N m ^ « ^ v o r - o o o N O r - j c s c o ; 2 ; ; 2 : 2 ^ 2 2 2 S j ^ S S ^ J s ^ ? ^ 

98 



5.6 Chapter Summarv 

In this chapter, we conducted an experimental design to analyze the performance 

of the lAR model. The performance measure of the lAR model is based on the relative 

percentage deviation of its expected total system profits from the lAT model. Since the 

normality assumption is unjustified, we resorted to use nonparametric tests to perform the 

hypotheses testing between tiie overall means of the two models, the differences between 

levels of each factor, as well as the differences between treatment combinations. Based 

on a priori knowledge, we suspected that four factors, namely the website traffic, the 

inventory carrying cost rate, the ordering cost, and the transportation cost would have 

sigruficant effects on the performance of the model. Nonetheless, the results indicate that 

all, but one factor (the ordering cost) is significant. From the statistical analysis, we 

conclude that the lAR model performs better than the lAT model in all cases. Moreover, 

the performance of the lAR model becomes even more apparent as the system's costs 

increase, but diminishes as the website experiences heavier traffic. When the system's 

costs are low and the number of participating bidders is high, the need for revenue 

management becomes limited since the system no longer benefits much from the product 

price-setting flexibility that the lAR model provides. 
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CHAPTER VI 

CONCLUSIONS, CONTRIBUTIONS, AND FUTURE RESEARCH 

6.1 Conclusions 

In tiie preceding chapters, we presented the development of the integrated online 

auction models under the fraditional product allocation policy (lAT) and the revenue 

management policy (lAR). In Chapter I, we introduced the basic concepts of online 

auction designs, joint economic lot-size policy, and revenue management. We addressed 

existmg literature related to tiiese research areas in Chapter II. In Chapter III, we 

developed the lAT procedure in which the auctioneer offers to sell a fixed quantity of a 

single product type at the beginning of an auction, before any bids are received. We 

assumed that the sealed (A:+l)-price auction is practiced and that the bidder dememd 

follows a nonstationary Poisson distribution. We then combined the inventory positions 

of the auctioneer and the manufacturer together and solved for the system's optimal profit 

fimction. In Chapter IV, we relaxed the assumption that the auctioneer precommits to the 

auction quantity and implemented the concept of revenue management by assuming that 

the auctioneer does not decide how many units to sell in each auction until reviewing the 

bid quality of all participating bidders. A dynamic programming (DP) algorithm is 

developed to tackle the product allocation problem on the auctioneer side. This is 

followed by an integration of the inventory positions of the auctioneer and the 

manufacturer and an evaluation of all corresponding profits obtainable from the proposed 

lAR policy. In Chapter V, we ran a numerical experiment to determine the performance 
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of tile lAR model against the I AT model. Based on the statistical analysis of the results, 

we concluded that the webshe traffic, the inventory carrying cost rate, and the 

tiansportation cost have significant effects on the performance of the lAR model. We did 

not, however, find any significance in the auctioneer's ordering cost. 

The conclusions drawn from the experimental analysis have revealed some 

interesting findings. From tiie profit prospective, it is conclusive that the expected 

system's total profit drawn from the I AT model is never greater than that of the lAR 

model. The results from the experimental analysis also indicate that the practice of 

revenue management is especially usefiil in a highly competitive business environment. 

In addition, the advantage of the lAR model is even more prevalent when the inventory 

carrying cost rate and the transportation cost are high. Under such circumstance, an 

efficient inventory management and product allocation strategy is vital in maintaining the 

system's costs at minimum. By implementing the concept of revenue management, the 

auctioneer now has the flexibility in controlling capacity as well as setting products price 

such that the right quantity of products are sold to the right customers at the right time. 

However, when the system's costs are low and the number of participating bidders is 

high, the need for revenue management diminishes since the system no longer benefits 

much from the capacity controlling and product price-setting flexibility that the lAR 

model provides. 
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6.2 Contributions 

This research provides significant contributions to the development of production 

and inventory systems in online auctions business. From a practical standpoint, the 

integrated online auctions model provides an excellent opportunity for the auctioneer to 

sell products in a cost-effective manner while, simultaneously establish a good 

relationship with the manufacturer. Moreover, the model is not only easy to implement, 

but it can also extend the reach of the auctioneer to newer markets with little cost. 

From a theoretical standpoint, this research extends the body of knowledge in the 

areas of integrated internet-based auctions and inventory management by using the 

revenue management concept to determine the optimal product allocation policy. The 

prior research only focused on the optimal auction designs from the auctioneer's 

perspective alone without taking into consideration the manufacturer's production 

planning and inventory management. In particular, this research involves aggregate 

production/procurement planning and presents a solution method that determines the joint 

economic lot-size and the product allocation policy using the revenue management 

concept that brings about the highest system's expected total profit. The statistical 

analysis discussed in this research indicates that the traditional product allocation policy 

of precommitting to the number of hems to award in each auction is, in fact, suboptimal. 

The proposed integrated online auctions model under the revenue management concept 

provides the auctioneer an opportunity to review the bid quality before deciding how 

many to award in the auction. Such flexibility in controlling capachy leads to better 
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inventory management, which consequently results in a considerable increase in the 

system's expected total profit. 

6.3 Recommendations for Future Research 

The extension of this research can be done in several ways in order to incorporate 

more realistic problem settings into the model. 

1. Variable fransportation cost and transportation capacity: To better represent a 

real-world environment, we might want to consider the variable transportation 

cost, which is a fimction of items per shipment. Moreover, we can also assume 

that the tiansport vehicle has limited capacity such that only a certain number of 

items can be delivered at a time. Such a restriction will certainly pose higher total 

system cost, which may have unequal effects on the performance of the I AT and 

the lAR models. 

2. Backlogging: The integrated online auction system can be modified to allow 

stockouts on the manufacturer's side in order to build a more realistic problem 

setting. By allowing stockouts, excess demand will be backordered and satisfied 

in the next shipment. Consequently, fewer products are held in the inventory as 

backup. In some situations, it might be more cost efficient to allow shortages to 

occur if the manufacturer's estimated backordering cost penalty is lower than the 

corresponding auctioneer's inventory carrying cost. 

3. Multiple product types: To make the research more practical, we can relax the 

assumption of a single product type and assume that the auctioneer order multiple 
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product types from different manufacturers. The basic problem in this situation is 

the determination of the general order interval, which will maximize the expected 

total profit for the system as a whole. The once negligible ordering cost may now 

have significant effect on the profit fimction of the system since the auctioneer 

has to synchronize all the ordering schedules between the auctioneer and his 

manufacturers such that only a single order is placed for all items. 
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APPENDIX A 

C -̂+ SOURCE CODE FOR lAT AND lAR MODELS 
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// This program is divided into two parts. The first part is used to determine the 
// expected joint total profit under traditional production allocation policy (lAT). 

Ihe second part formulates the dynamic programming for determining 
the expected joint total profit under the revenue management concept (lAR). 

//Author: Arisa Kosadat 
// Industrial Engineering 
// Texas Tech University 
// Last Update: June 2003. 

#include <iostream> 
#include <fstream> 
#include <iomanip> 
#include <cmath> 
#include <cstdlib> 
#include <cstdio> 
#include <time.h> 

using namespace std; 

const int SIZE = 200; //max size of array 

// defining functions used in the program 
double frraTotProfit(int, int, int, int, int, double, double, double, double, double, double, double, double, 

double, double, double, doublecSc, double&); 

double fTraAProfit(int, int, int, int, int, double, double, double, double, double, double, double, 
double, double, doublecfe, double<&); 

double fTraMProfit(int, int, int, int, int, double, double, double, double, double, double); 

double finax(double, double); 

double frnin(double, double); 

double fRevTotProfit(int, int, int, double, int, int, double, double, double, double, double, double, 
double, double, double, double, double [SIZE][SIZE], double [SIZE][2], int&); 

double fRevAProfit(int, int, int, double, int, double, double, double, double, double, double, double, 
double, double [SIZE][SIZE], double [SIZE][2], int&); 

int fiiumAuctions(int, double [SIZE][2]); 

double {RevMProfit(int, int, int, double, int, int, double, double, double, double, int); 

int fConstraint(int, int, int, int); 
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ofstream fout, outS, outC; 
int seed = 2; 

void main() { 

fout.open("MaxSummary.txt"); 
outS.open("RevOptSequence.txt"); 
outC.open("RevConstraint.txt"); 

int D = 200; 
int P = 20; 
double mu = 230.; 
double std = 20.; 
double A = 30.; 
double Ca = 70.; 
double Cm = 32.; 
double S = 100.; 
double Cd = 0.; 
double pi[SIZE] [SIZE]; 
double flSIZE][2]; //[2] 

int ktempT = 1; 
int ntempT = 1; 
int ttempT = 1; 
int qtempR = 1; 
intntempR= 1; 
int ttempR = 1; 

double start_time = 0.0; 
double end_time = 0.0; 
double duration = 0.0; 

// total demand per season 
// manufacturer's daily production rate (units/t) 
// bidder's mean valuation 
// bidder's std deviation 
// auction setup cost ($/auction) 
// auctioneer's unit purchase price ($/unit) 
// manufacturer's unit production cost ($/unit) 
// manufacturer's setup cost ($/setup) 
// end-of-period disposal cost ($/trip) 

// 0 = value and 1 = location 

f o u t « fixed « "Rep" « " " « "La" « " " « "I" « " " « "O" « " " 
« "Ct" « " " « "lAT" « setw(15) « "lAR" « setw(15) « "DEV"« endl; 

outC « "Rep" « "" « "La" « " " « "I" « " " « "O" « " " 
« " q * " « " " « " n * " « " " « " t * " « " " « " a " « " " «"feas" « endl; 

// initializing matrix values 
for (int count = 0; count < SIZE; count++) 
{ 

for (int count2 = 0; count2 < SIZE; count2-H-) 
{ 

pi[count][count2] = 0.0; 
} 
flcount][0] = 0.0; 
f[count][l] = 0.0; 

// 
starttime = clock(); 

srand(seed); 
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// number of replications 
for (int numRep = 1; numRep <= 2; numRep-H-) { 

// levels of website traffic (lambda) 
for (int numLambda = 0; numLambda <= 2; numLambda++) { 

// levels of intenvory holding cost rate (I) 
for (int numi = 0; numi <= 2; numl++) { 

// levels of auctioneer's ordering cost (O) 
for (int numO = 0; numO <= 2; numO++) { 

// levels of transportation cost (Ct) 
for (int numCt = 0; numCt <=2; numCt++) { 

double TraMaxProfit = -100000.; 
double RevMaxProfit = -100000.; 
double Dev = 0.; 
int aa = 0; 
int constraint = 3; 
double qT = 0.; // delivered quantity 
double QT = 0.; // total delivered qty per production cycle 

// begin vary website traffic (lambda) 
double lambda = 0.; 

if (numLambda = 0) 
{ 

lambda = double (5. + double (3. * rand()/(RAND_MAX + 1.))); 
} 
else if (numLambda = 1) 
{ 

lambda = double (12. + double (3. * rand()/(RAND_MAX + 1.))); 
} 
else if (numLambda = 2) 
{ 

lambda = double (19. + double (3. * rand()/(RAND_MAX + 1.))); 
} 
// end vary website traffic 

// begin vary inventory holding cost rate (I) 
double I = 0.; 

if(numl = 0) 
{ 

I = double (0.05 + double (0.05 * rand()/(RAND_MAX + 1.))); 
} 

else if (numi = 1) 
{ 

I = double (0.25 + double (0.05 * rand()/(RAND_MAX + 1.))); 
} 
elseif(numl = 2) 
{ 

I = double (0.45 + double (0.05 • rand()/(RAND_MAX + 1.))); 
} 
//end vary inventory holding cost rate 
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// begin vary auctioneer's ordering cost (O) 
double 0 = 0.; 

if(numO = 0) 
{ 

O = double (55. + double (15. * rand()/(RAND_MAX + 1,))); 

elseif(numO== 1) 
{ 

O = double (95. + double (15. " rand()/(RAND_MAX + 1.))); 

elseif(numO = 2) 
{ 

O = double (125. + double (15. " rand()/(RAND_MAX + 1.))); 

// begin vary transportation cost (Ct) 
double Ct = 0.; 

if(numCt = 0) 
{ 

Ct = double (100. + double (30. * rand()/(RAND_MAX + 1.))); 

e l se i f (numCt^ 1) 
{ 

Ct = double (170 + double (30. * rand()/(RAND MAX + 1 )))• 
} 
elseif(numCt = 2) 
{ 

Ct = double (200 + double (30. " rand()/(RAND_MAX + 1.))); 

f o u t « numRep « " " « numLambda « " " « n u m l « " " « n u m O « " " « n u m C t « ' 
outC « numRep « " " « numLambda « " " « numi « " " « numO « " "; 

for (int k = 1; k <= 35; k++){ II auction quantity 

for (int n= 1; n <= 15; n++){ // number of deliveries per production cycle 

for (int t= 1; t <= 8; t++) { // duration 

double mt = 0.; 

mt = lambda*t*(l - exp(-l)); 

// lAT POLICY 

double TraTotProfit = 0.; 

TraTotProfit = frraTotProfit(k, n, t, D, P, I, mu, std, mt, Ca, Cm, Ct, Cd, A, O, S, qT, QT); 

if(TraTotProfit >= TraMaxProfit) 
{ 

TraMaxProfit = TraTotProfit; 
ktempT = k; 
ntempT = n; 
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ttempT = t; 
} 

outs « se tw(3)« k « setw(3) « n « se tw(3)«t ; 

// lAR POLICY 
int qR = 0; 
double QR = 0.; 
double RevTotProfit = 0.; 

qR = k; 
QR = n*qR; 

RevTotProfit = filevTotProfit(qR, n, t, QR, D, P, I, mu, std, mt, Ca, Cm, Ct, A, O, S, pi, f, aa); 

if(RevTotProfit >= RevMaxProfit) 
{ 

RevMaxProfit = RevTotProfit; 
qtempR = qR; 
ntempR = n; 
ttempR = t; 

} 

} // end t loop 
} // end n loop 
} // end k loop 

Dev = (RevMaxProfit - TraMaxProfit) * 100 / TraMaxProfit; 

constraint = fConstraint(P, qtempR, aa, ttempR); 

f o u t « setw(13) « setprecision(2) « TraMaxProfit« setw(13)« setprecision(2) « RevMaxProfit 
« setw(13) « setprecision(5) « Dev « endl; 

outC « qtempR « " " « ntempR « " " « ttempR « " " « aa « " ' « constraint« " " « endl; 

} // end num of replications loop 
} // end transportation cost loop 
} // end auctioneer's ordering cost loop 
} // end inventory carrying cost loop 
} //end website traffic loop 

end_time = clock(); 

duration = double(end_time - starttime) / CLOCKS_PER_SEC; 

cout « duration « endl; 

} // end void fimction 

double frraTotProfit(int k, int n, int t, int D, int P, double I, double mu, double std, double mt, 
double Ca, double Cm, double Ct, double Cd, double A, double O, 
double S, double& qT, double& QT) 

{ 
double dTraTotProfitS = 0.; 
double dTraAProfitS = 0.; 
double dTraMProfitS = 0.; 
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dTraAProfitS = fTraAProfit(k, n, t, D, P, I, mu, std, mt, Ca, Ct, Cd, A, O, qT, QT); 
dTraMProfitS = frraMProfit(k, n, t, D, P, 1. Ca, Cm, S, qT, QT); 
dTraTotProfitS = dTraAProfitS + dTraMProfitS; 
return dTraTotProfitS; 

double frraAProfit(int k, int n, int t, int D, int P, double 1, double mu, double std, double mt, 
double Ca, double Ct, double Cd, double A, double O, double& qT, double& QT) 

double Pa = 0.; 
double exZ = 0.; 
double exU = 0.; 
double xa = 0.; 
double TraAProfit = 0.; 
double tempi =0.; 
double temp2 = 0.; 
double temp3 = 0.; 

// auction closing price 
// number of items sold 
// number of unsold items 
// auctioneer's inventory 
//auctioneer's profit per season 

Pa = mu - std + 2*std'* (l-((k+l)*(l-exp(-mt)))/mt); 

for (int i = 0; i <= k-2; i++) 
{ 

double faci = 1.0; 

for(intj = l;j<=i;j-H-) 

{ 
fac_i = fac_i •* j ; 

} 

// calculate i! 

} 
tempi += pow(mt,i) / fac_i; 

for(i = 0;i<=k-l;i-H-) 

{ 
double fac_i = 1.0; 

for(intj = l;j<=i;j-H-) 

( 
fac_i = fac_i * j ; 

} 

// calculate i! 

} 

temp2 += (pow(mt,i)'* exp(-mt)) / fac_i; 
temp3 += ((k-i) •* pow(mt,i)) / fac_i; 

exZ = mt*exp(-mt)*templ + k*(l - temp2); 
exU = exp(-mt)'*temp3; 
qT = k - exU; 
QT = (n-l)*qT + k; 

if(qT > P) 

qT = P; 

xa = n'''k*t; 
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TraAProfit = (n*exZ*Pa - QT'*Ca - n*A- xa'i'FCa - n'*Ct - O - n*exU'*Cd)i' D/QT; 

return TraAProfit; 

double frraMProfit(int k, int n, int t, int D, int P, double I, double Ca, double Cm, 
double S, double qT, double QT) 

double xm = 0.; 
double TraMProfit = 0.; 

xm = (k*k + 2*n*qT*qT - n^n'^qT'^qT - qT*qT + n*n*P'*qT*t - n*P*qT*t)/(2i'P)-
TraMProfit = (QT*(Ca-Cm) - I'*Cmi-xm - S) • D/QT; 

return TraMProfit; 
} 

double fmax(double numi, double num2) 
{ 

if (numi >num2) 
return numi; 

else 
return num2; 

double finin(double numi 1, double num22) 
{ 

if (numi 1 < num22) 
return numi 1; 

else 
return num22; 

double fRevTotProfit(int qR, int n, int t, double QR, int D, int P, double I, double mu, double std, 
double mt, double Ca, double Cm, double Ct, double A, double O, double S, 
double pi[SIZE][SIZE], double f[SIZE][2], int& aa) 

{ 
double dRevTotProfitS = 0.; 
double dRevAProfitS = 0.; 
double dRevMProfitS = 0.; 

dRevAProfitS = {RevAProfit(qR, n, t, QR, D, I, mu, std, mt, Ca, Ct, A, O, pi, f, aa); 
dRevMProfitS = fRevMProfit(qR, n, t, QR, D, P, I, Ca, Cm, S, aa); 
dRevTotProfitS = dRevAProfitS + dRevMProfitS; // total profit 

return dRevTotProfitS; 

117 



double fRevAProfit(int qR, int n, int t, double QR, int D, double I, double mu, double std, 
double mt, double Ca, double Ct, double A, double O, double pi[SIZE][SIZE], 
double fISIZE][2], int& a) 

for (int count = 0; count < SIZE; count++) 

for (int count2 = 0; count2 < SIZE; count2++) 

pi[count][count2] = 0.0; 
} 
f[count][0] = 0.0; 
flcount][l]=0.0; 

} 

for (int i = qR; i >= 0; !-) 
{ 

for(intj = i - l ; j > = 0 ; j - ) 
{ 

int kR = i - j ; // auction quantity 
double aPrice = mu - std + 2*std* (l-((kR+l)*(l-exp(-mt)))/mt); 
double aRevenue = aPrice * kR; 
double aInvCost = I'''Ca*t'''i; 
double aProfit = aRevenue - aInvCost - A; 

} 
pil'lD] = aProfit; //auctioneer's profit per auction 

//Calculate maximum possible profit per delivery 
intj = qR; 

for (i = qR; i >=0; i~) 
{ 

if(i = qR&&j = qR) 
{ 

fli][0]=0; 
fli][l] = qR; 

} 
else 
{ 

f[i][0]=pi[i+l]|j] + f[i+l][0]; 
fli][l] = i + l ; 

for (int z = i + 2; z <= qR; z-H-) 

{ 
if(fli][0]<(pi[z]m + f[z][0])) 
{ 

f[i][0] = pi[z]U] + flz][0]; 
fli][l] = z; 

} 
j - -

} 

} 

a = fiiumAuctions(qR, f); 
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double aCycleProfit = 0.; 
double aProfitS = 0.; 

aCycleProfit = n'*flO][0] - n*qR'*Ca - n'̂ Ct - O; // auctioneer's profit per production 
aProfitS = aCycleProfiti"(D/QR); 

return aProfitS; 

int fiiumAuctions(int qR, double flSIZE][2]) 
{ 

int aValue = 0; //number of auctions 
for (int count = 0; count < qR; count = f[count][l]) 
{ 

outs « se tw(5)« setprecision(O)«flcount][l]; 
aValue-H-; 

} 

outs « endl; 

return aValue; 

double fRevMProfit(int qR, int n, int t, double QR, int D, int P, double I, double Ca, 
double Cm, double S, int a) 

{ 
int T = 0; 
double xmR = 0.; 
double RevMProfit = 0.; 

J = „ * ̂ . // delivery cycle 
xmR = (2*n*qR*qR - n*n*qR*qR + n*n*P*qR'*T - n*P*qR'*T)/(2*P); // manu's inventory 
RevMProfit = ((Ca-Cm)*QR - xniR*I*Cm - S)* D/QR; // total profit per season 

return RevMProfit; 

} 

int fConstraint(int P, int qtempR, int a, int ttempR) 

{ 
double ratio = 0.; 

ratio = qtempR/(a * ttempR); 

if(P >= ratio) 
return 1; 

else return 0; 

} 
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APPENDIX B 

RELATIONSHIPS BETWEEN MAIN FACTORS AND 

PERCENTAGE DEVIATION 
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Relationship between different levels of 
factor A and the dependent variable 

t- 35 

0 1 2 
Levels of factor A (website traffic) 

Figiu-e B.l Relationship between different levels of Factor A 
and the dependent variable. 

Relationship between different levels of 
factor B and the dependent variable 

0 1 2 
Levels of factor B (inventory carrying cost rate) 

Figure B.2 Relationship between different levels of Factor B 
and the dependent variable. 
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Relationship between different levels of 
factor C and the dependent variable 

0 1 2 

Levels of factor C (ordering cost) 

Figure B.3 Relationship between different levels of Factor C 
and the dependent variable. 

Relationship between different levels of 
factor D and the dependent variable 

0 1 2 

Levels of factor D (transportation cost) 

Figure B.4 Relationship between different levels of Factor D 
and the dependent variable. 
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APPENDIX C 

EXAMPLE OF RAW DATA 

FROM EXPERIMENTAL DESIGN 
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Table C I Example of raw data from experimental design. 

A_ 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 

Level 

0 
0 
0 
0 
0 
0 

0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 

c 
0 
0 
0 
0 
0 
0 

0 
0 
0 
0 

2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 

D 
0 
0 
0 
0 
0 
0 

0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 

%Dev 
3.037 
1.921 
2.728 
0.912 
1.123 
1.912 

1.171 
2.547 
1.239 
1.776 
1.151 
1.009 
1.563 
1.532 
1.830 
1.426 
2.090 
1.710 
1.789 
1.569 
1.352 
2.289 
1.781 
1.355 
1.804 
2.131 
2.544 
1.187 
2.081 
1.238 
6.404 

17.446 
8.409 
7.982 
8.978 

11.575 
15.027 
16.350 
15.298 
6.372 

A 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 

Level 

B 

2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 

C 

2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 

D 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 

%Dev 
14.133 
7.444 

13.309 
14.818 
6.552 
8.400 

11.691 
12.151 
11.191 
10.961 
17.454 
13.854 
11.976 
9.749 

13.693 
9.467 

13.473 
17.367 
22.583 

8.192 
31.666 
28.243 
22.916 
44.502 
45.445 
24.286 
45.187 
62.380 
32.965 
32.833 
56.407 
25.980 
26.059 
26.743 
27.845 
39.089 
83.125 
26.962 
36.722 
30.355 

A 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 

Level 

B 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 

c 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 

2 
2 
2 
2 
2 
2 
2 
2 
2 
2 

D 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 

%Dev 
32.950 
44.502 
29.520 
58.888 
34.369 
51.434 
45.622 
27.096 
47.052 
43.295 

0.777 
1.071 
0.664 
0.813 
0.949 
0.810 
0.759 
0.850 
0.775 
0.882 
0.908 
0.748 
0.857 
0.753 
0.630 
1.057 
0.695 
1.006 
1.050 
0.840 
0.825 
0.978 
0.762 
0.835 
1.195 
0.634 
1.185 
0.870 
0.804 
1.085 
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Table C I Continued. 

Level 

A B 

1 2 
1 2 
1 2 
1 2 
1 2 
1 2 
1 2 
1 2 
1 2 
1 2 

C 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 

2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 

D 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 

%Dev 
3.962 
4.166 
4.402 
4.445 
4.363 
4.681 
4.824 
4.715 
5.239 
4.761 
5.009 
4.872 
5.102 
4.369 
4.141 
4.792 
5.465 
4.325 
4.792 
4.929 
4.686 
4.504 
5.348 
4.521 
4.856 
5.916 
6.000 
5.346 
5.067 
5.373 
7.558 
6.730 
6.268 
5.612 
5.463 
4.911 
4.419 
4.466 
6.533 
5.375 

A 

2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 

Level 
B 

2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 

c 

2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 

D 

0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 

%Dev 

6.558 
4.809 
5.873 
6.280 
5.570 
7.436 
6.635 
6.425 
5.025 
7.640 
6.700 
7.908 
5.193 
5.368 
4.590 
4.699 
6.082 
6.837 
7.330 
7.566 
0.367 
0.738 
0.680 
0.628 
0.799 
0.739 
0.700 
0.596 
0.789 
0.659 
0.762 
0.833 
0.821 
0.894 
0.251 
0.040 
0.616 
0.642 
0.882 
0.601 

A 

2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 

Level 
B 

0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
1 
1 
1 
I 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 

c 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 

2 
2 
2 
2 
2 
2 
2 
2 
2 
2 

D 

0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 

%Dev 

0.762 
0.809 
0.630 
0.770 
0.603 
0.121 
0.688 
0.439 
0.166 
0.902 
0.571 
2.137 
0.905 
1.154 
2.082 
1.079 
0.751 
0.464 
0.536 
0.233 
0.587 
0.766 
1.250 
0.185 
0.418 
0.389 
0.200 
0.489 
0.451 
0.888 
1.360 
0.602 
1.291 
0.654 
0.851 
0.232 
0.987 
0.315 
1.082 
1.219 
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APPENDIX D 

SAS SOURCE CODE 
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OPTIONS LS = 80 NODATE NONUMBER; 
DATA COMPARE; 

INFILE "d:\SASFILE\output.txt" dlm="09"x firstobs=2 missover; 
INPUT A B C D TRA REV DIFF; 
TRANSDIFF = LOG(DIFF); 

LABEL 
A = 'LAMBDA' 
B = 'I' 
C = '0' 
D = 'Ct' 
lAT = 'PROFIT OF THE TRADITIONAL POLICY' 
lAR = 'PROFIT OF THE REVENUE MGNT POLICY' 
DIFF = 'DIFFERENCE'; 

PROC PRINT DATA = COMPARE; 
TITLE "RAW DATA"; 

PROC GLM DATA = COMPARE; 
TITLE "UNTRANSFORMED FULL MODEL"; 
CLASS A B C D; 
MODEL DIFF = A|B|C|D / P; 
MEANS A B C D/ LSD DUNCAN SNK TUKEY; 
OUTPUT OUT=UNTRANS P=FIT R=RESID; 

PROC UNIVARIATE DATA=UNTRANS FREQ PLOT NORMAL; 
VAR RESID; 

PROC PLOT DATA=UNTRANS; 
TITLE "UNTRANSFORMED RESUDUAL PLOTS"; 
PLOT RESID*DIFF = •+' / VPOS=30 VREF=0; 
PLOT RESID*FIT / VP0S=30; 

PROC UNIVARIATE DATA=UNTRANS PLOT NORMAL; 
TITLE "UNTRANSFORMED NORMALITY TESTING"; 
VAR RESID; 

PROC GLM DATA = COMPARE; 
TITLE "TRANSFORMED FULL MODEL"; 
CLASS A B C D; 
MODEL TRANSDIFF = A|B|C|D / P; 
MEANS A B C D/ LSD DUNCAN SNK TUKEY; 
OUTPUT OUT=TRANS P=FIT R=RESID1; 

PROC PLOT DATA=TRANS; 
TITLE "TRANSFORMED RESIDUAL PLOT"; 
PLOT RESID1*TRANSDIFF = '+' / VPOS=30 VREF=0; 
PLOT RESID1*FIT/VP0S = 30; 

PROC UNIVARIATE DATA=TRANS PLOT NORMAL; 
TITLE "TRANSFORMED NORMALITY TESTING"; 
VAR RESIDl; 

PROC UNIVARIATE DATA = UNTRANS; 
TITLE "UNTRANSFORMED PAIRED T-TEST"; 
VAR DIFF; 

RUN; 

QUITj 
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