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Abstract

The declining price anomaly for sequential salesdehtical commodities challenges the
outcome of auction theory predicting constant @iagthin the same day. This phenomenon
is more widespread than expected from rational dsslccompeting in repeated trades for
homogeneous goods. Among the most common hypothegaaining this phenomenon
stands the dual value of goods including a risknuwen (the fear of not being served) in early
transactions. The presence of asymmetry betweearlynpups and a shortage effect may
amplify the risk perception of bidders and streegtithe declining price anomaly. This
hypothesis is tested in the present research wmh anfarket in FranceNephrops norvegicus

or langoustinessold alive through a descending auction systeboirent). A clear pattern of
decreasing prices is evidenced for periods of ligleenand (and/or lower supply), but does
not concern all buyer groups similarly.

Highlights:
- We study the presence of declining price anorf@lgequential sales of identical commodities

- We include the presence of asymmetry betweenrlgrgelps in the analysis
- Our results show a steeper decline on shortagedse
- Our results show that Heterogeneous buyers slgtimat preferences

Keyword: auction, declining price anomaly, asymmediuyers, fish market

JEL: D22, D44, L11



1. Introduction

This paper proposes an empirical contribution ® dhalysis of the declining price
anomaly observed in many auction markets. A dedirprice throughout an auction day is
considered as abnormal with respect to the comweaitimultiple-units auction model, i.e. the
standard private-independent values risk neutratlehof Milgrom and Weber (1982). If
bidders are risk-neutral and have independent farivalues, then prices of homogeneous
goods auctioned consecutively should be identitdtoducing affiliation among bidders
(who are influenced by others’ private values) wdoalen increase prices throughout the
auction sequence, buyers willing to pay more fa& tbémaining items by fear of not being
served at all. A price decline within the same dap been observed on many different
auction markets (Ashenfelter 1989, Ashenfelter @mhesove 1992, McAfee and Vincent
1993, Ginsburgh 1998, Ginsburgh and van Ours 2Q@&flegattiet al. 2011, Fluvia et al.
2012). Usually, this anomaly refers to homogenea@hksneutral buyers and does not account
for changing supply and demand conditions on theeta

The present study looks at heterogeneous groupdsuydrs (by size and position
within the market chain) and their potential difleces in private valuation, purchasing
strategy and risk perception throughout differamet frames. Can a declining price be
observed every weekday, across all seasons or?ydees retailers earlier bidders than
wholesalers? How does supply uncertainty affectelslybehaviours? These issues are
addressed through the selection of a series okstylfacts and econometric price models.
Several panel data estimations (fixed-effect, mgraop and dynamic models) are used to
disentangle the time effects for different buyeoups, revealing distinct valuations and
bidding strategies. Our results show a steeperirdedn shortage periods and an earlier
decline for wholesalers and fishmongers than fpesmarket buyers. Heterogeneous buyers
show distinct preferences in terms of quantity arad/ not bid as aggressively whatever the
supply and demand circumstances.

The literature on the declining price anomaly gewed in the next section and data
are introduced in Section 3. Some stylized factSeaction 4 show a decreasing pattern of
prices with the rank of transactions, although siimeo for some weekdays and seasons.
Several panel model results are developed in Sebt@and discussed in the following section
to stress the observed differences by buyer group.

2. Literature

The declining price anomaly has been first repoltgdshenfelter (1989) in the case
of wine auctions, although previous evidence waabéished earlier for agricultural goods
(Sosnick 1963). Their paper shows a decreasingrpatf auction prices within a day for
identical sold items. In the latter paper, Sosngborted that with a succession of lots, the
task of a prospective buyer is quite complica&bsnick 1963, p.163), but that the decline
of prices could be mitigated by additional inforroatthroughout the auction sequence, the
arrival of newcomers, a change in the quality ofdstems over time... Ashenfelter and
Genesove (1992) also reported a declining auctime jpor condominium apartments, but that
can be explained by the heterogeneous quality adymts in a pooled auction: the earlier
bidder can then choose higher quality goods anddtlg pay higher prices before the auction
re-starts with the remaining lower quality goodssburgh (1998) found another justification
of the declining price anomaly in the wine casehvabsentee bidders who are not present
during the sales but have sent their written bifbdgethe auctions start, thus behaving in a
non-optimal way. Other explanations are availablehie literature: super-additive value of
objects (the value of a package is higher tharvéhges of the objects consisting a package),



existence of a buyer option (the first-round winmaising an opportunity to buy the
remaining items at the same winner’s bid), paréitign costs of bidders, institutional settings
of auction markets (Ginsburgh and van Ours 2005).

For identical goods, McAfee and Vincent (1993) explthe early higher price by the
dual component of goods: the object itself andritle of missing it. The higher price in the
first period is then due to the addition of the eoged utility in the second period (i.e. the
opportunity cost of losing in the first auction el and a risk premium associated with the
future random price, this dual value causing ametabon effect” in the case of wine. As a
result, the authors suggest an approach in whidtielos would be risk-averse instead of the
initial Milgrom-Weber assumption of risk neutraliip order to be more consistent with
empirical observations. According to McAfee and dént, Ashenfelter’s intuition would hold
only under the Non-Decreasing Absolute Risk Averg§ldDARA) assumption. Laffongt al.
(1998) have extended this result under a constakt adverse hypothesis (namely the
“indifference condition”): if bidders are constansk-averse and their private values are
independent, then equilibrium prices would decreag time. In the presence of affiliation,
then prices are found monotone increasing if bisl@dee risk-neutral or hump-shaped if they
are constant risk-averse.

In the case of fish markets, the declining priceraaly has been tested in various
countries and different institutional settingsh#is been recently observed in Spain or Italy
(Fluvia et al. 2012, Gallegattet al. 2011), although not found on the French (Marsgille
pairwise trading wholesale fish market (Hardle &munan 1995), suggesting a possible link
between the market organization itself and theepanomaly. In Palamos (Spain) where a
descending auction system has been analysed thrbz@/®00 transactions, an intra-day
discrete time variable in a price econometric madkes tested for different species, showing a
clear declining price anomaly only for half of theh products (squid, different sizes of hake,
and sand eel) and a close-to-declining patternhiae others (shrimp, small Norway lobster
and anglerfish) (Fluvigt al. 2012). The discussion of this result led by awhefers to the
Ashenfelter’s hypothesis of risk averse and impatleuyers: {they) cannot afford waiting
until the end of the auction for low pri¢egspecially for fishmongers and restaurants bgiyin
early in the afternoon to supply their customerthviresh fish in the evening. The same result
and comment was given in Gallegatdti al. (2011). The authors plotted the ranks of daily
transactions (53,555 in total) in Ancona (Italy) the time of the day and calculated average
prices of the transaction with the same rank, shgvwa clear decreasing pattern over the
ranks. Some of the buyers have to leave very aartj)e morning to open their shops or
restaurants, and this becomes particularly obvioways of lower quantity (Gallegatt al.
2011).

In the two latter case studies, two types of argumeclated to auction theory are put
forward: a higher risk aversion for bidders who bBkely not to be supplied by waiting too
long a better price opportunity, and a potentigh@asetry of bidders (different buyer groups
having distinct private values, time constrains askl attitudes), thus violating the theorem of
revenue equivalence throughout time and auctiontesys (Milgrom and Weber, 1982;
Vickrey 1961). In particular, relaxing the symme#agsumption means that private values are
not drawn from a single law of distribution which common knowledge, but from several
ones.

A non-published piece of work that is close to own study has tested the declining
price anomaly in a sequential descending auctish fnarket with asymmetric buyers
(Pezanis-Christou 2000). In this paper, wholesaeesdistinguished from retailers who buy
smaller lots at higher prices, and may show mongainence in bidding. The author includes
in the price function a variable describing the dhasing Time Preference of Retailers
(PTPR) by comparing the respective distributionda wholesalers and retailers around the



median of their purchasing rank order (with staddad ranks between 0 and 1). A
Kolmogorov-Smirnov (KS) test shows whether retailare earlier, concurrent or later bidder
than wholesalers, hence fetching a -1, 0 or +levadgpectively within a constructed discrete
PTPR variable. In overall, retailers proved to bdier bidders, but this is not the case across
all days and seasons (high, regular or low quaitithe month). Retailers are more likely to
be earlier bidders when the number of lots is Highause they can get their lots earlier and
leave the market. Several hypotheses are test&8680 observations of sardine transactions
over three months (March, the low season, to M&B81¢he high season). A declining pattern
is found in March (shortage of supply) and Aprigdular supply), but not in May (excess
supply) which exhibits more constant prices. Thereasing price pattern in April is better
explained than in March by the early bids of reta) leaving the market floor afterwards to
wholesalers who can adopt a “low-balling” stratedyut evidence is not clear in periods of
shortage or excess supply (where declining prieaes e found without a prevailing rank
order of retailers). Consequently, one of the mgresting findings of this research lies in
the role of supply uncertainty on market behavigiitsugebauer and Pezanis-Christou 2007).

We propose in our study to look at the declininggranomaly in a single quality
market (small Norway lobsters callémhgoustinesin France Nephrops norvegicés sold
alive at descending auctions) with multiple conseeulots. We shall identify this anomaly
by considering different time frames (days, monyfesirs) and analyse the potential effects of
bidders’ asymmetry and risk behaviours betweereuifit categories of buyers: wholesalers,
fishmongers and supermarkets. Our hypothesis caslilre McAfee-Vincent framework of
risk premium with the seasonal shortage/excessctbepby Pezanis-Christou, hence looking
at potential asymmetry effects between buyer grolps expect that the declining price
anomaly is more likely to be observed in low supahd/or high demand seasons than in
regular market seasons.

3. Description of the market
3.1 The market of Nephrops in Lorient

The market oNephrops norvegicdsn Lorient has been already described in previous
articles (Guillotreau and Jiménez 2006, 2011). Bdicom trawler fleet represents around 250
licensed vessels fishing off the coast of BritanMpst of them are small-scale fishers going
at sea for less than one week (sometimes a codplays) to landNephropsalive with a
better value. A minimum size of 75 mm is fixed hg tEuropean Commission, but the port of
Lorient has imposed further restrictions (90 mmjhwinore selective fishing gears. This
fishery is usually considered as better enforcetimanaged than others.

Lorient is the first domestic port and leading nerikn France foNephrops with 603 tons
landed in 2013 (out of 2,687 t), valuing 7.3 mitli&uros (out of 29.7 M€; France-Agrimer),
hence an average price of 12 €/kg all sizes coreid@nd 11.05 €/kg on average in France).
The other big ports for this species are Concart(éa8 t in 2012) and Le Guilvinec (364 t),
all located in Britanny. Imports represented twilbe domestic output in 2011, but they are

! The wholesalers choose to postpone their bidsedater rounds because they expect that retaiéerging the
floor, are less likely to outbid them at the endh& auction sales.

2 Because readers may be not familiar with this iggecaught only along the Eastern Atlantic coast,siall
refer to the scientific name, i.dephropsan the rest of the text.

% Nephrops norvegicuslso calledangoustinesn France, are caught in Western Atlantic arehgyTepresent a
very popular and festive dish in Western Europd,they are not familiar nor consumed in other l@gfsod
markets like the US or Japanese ones.



mainly traded as low-valued icédephrops which represents a distinct market in big cities
like Paris. However, an increasing proportionN®phropsis also imported alive, and this
phenomenon could affect the domestic price N&phropsin the future. A very small
proportion of domestic production (less than 1%gxported.

On the demand side, two thirds of freNlephropsare purchased by consumers in
supermarkets, the remaining share in small reteops (mongers and stall markets). The
consumption is regional (76% of consumers live be tvest coast of France; Source
Secodip), concerns upper-class and rather old ocoersu(3/4 are more than 50 year-old;
source Kantar panel, France Agrimer). This spemesonsidered as a luxury good (with
consumer prices around 15 to 30 € per kilo), bemagnly consumed during Christmas and
summer holidays on the Atlantic coast.

Of interest for the study, different marketing chals can be distinguished. When the
fish is first bought by retailers in the hall matkie is sold directly to consumers thereafter in
nearby western medium-sized cities (Brest, NanRennes, Angers, Le Mans...). When
primary processors purchase it, 70 to 80% goesetorglary buyers (supermarkets and
wholesalers). Supermarket agents can also bidthjirecthe sales auction, either for their
own (independent) local shop or for other membérthe group through a regional supply
hub. At the consumption level, 4,000 tondN&phropswere landed in 2010 and sold through
supermarkets (56%), stall markets (20%), fish si{@{@%0) and other channels (7%) (Kantar-
France Agrimer).

The sales of the coastal fleet in Lorient take @laetween 4 a.m. (even earlier on
Saturday) and 6 a.m. with vessels randomly seldayeithe port manager to avoid the lower
prices of late sales. The sales have to be shoatise of the particular nature of products sold
alive. One lot is sold every 15 seconds on aver@mee 2002, the coastal landings are sold in
a computerized trading room through descendingagiNephropscases are conveyed on a
roller bed. The buyer is the one who first stops descending auction system (first price
auction) with her remote control device. During gampled period covered by the study, a
reservation price (e.g. 6 € per kilo) is announefbre the sales start. This reservation price
used to be lower (e.g. 4.5 €) when the minimal sizesh was 75 mm only. For some lots, a
second reservation price (calledrrier price by the port manager), which is unknown of
buyers, can be decided by fishers who can buy Wheklots through their producer
organization and trade them afterwards directiyaibuyer.

3.2 Presentation of the dataset

The dataset concerns transactions of fiesphropssold alive at descending auctions
on the hall market of Lorient. The transactionseéh&een daily registered by the National
office of seafood product$-fance Agrimey and processed in a database called RI€séau
Inter-Criée3. The database includes 67,151 observations {ohehV traded lots) over more
than two years, which correspond to around 1,188 tf Nephropsvaluing 11.5 million
euros (average price = 9.67 €/kg) between Septetih@010 and September®®012 (i.e.
581 days of transactions).

The transactions take place daily in the morningvben Monday and Saturday.
Sellers are fishers operating on 44 vessels. Adtalings,Nephropsare weighed, sorted out
by size and quality (the top one beiNgphropssold alive), either by the crew itself onboard
or by the harbor staff, and graded by decreasidgrasf size (1 for the largest size to 4 for the
smallest one). Then the lots are presented byubtoaeer to 89 buyers in total who can be
primary processors (or wholesalers), supermarkainsh individual fishmongers, restaurant
owners, aquaculture producers.



Only the buyers and the auctioneer can be preseheitrading room, fishers are not
present. Some buyers are remote bidders purchésimthrough Internet from other locations
in France, thus creating possible asymmetry betweanviewers (remote bidders) and local
buyers who can appreciate more directly the qualitfish (Guillotreau and Jiménez-Toribio
2011). Unfortunately, it was not possible to separthe transactions between local and
remote bidders in the dataset. Similarly, it waspuassible to identify those local buyers who
can bid in different marketplaces (i.e. other portsther remotely by Internet or through
agents located in other ports, comparatively tss¢haho are attached to a single market.
Presumably, the risk attitude might differ in batdises because of trade-off strategies but it
was not possible to test for it. We assume thairtguin different places requires a critical
size to cover the logistic costs of paying agentsther ports and to organize the transport of
a great number of lots. Possibly, such a functem loe better organized for a wholesaler than
for a local retailer, but more detailed data shdadctollected to confirm it.

Tablel
Variables included in the database

Variablename  Description Comments

Price Price of each transactions Price per kilogrétotal value of each
transaction divided by its weight)

Date Date of the transaction 01-09-2010 to 29-09220

Size Size oNephrops 4 sizes (1 to 4), of which size 4-small
Nephrops represents 75% of transactions

Lots Weight ofNephroplots for each

transaction

Transaction rank  Rank of the transaction withirag d

Vessel code Identifying code of the seller (vessel)

Buyer code Identifying code & category of the buyePrimary processor, Fishmonger, Restaurant,

Supermarket, PO (Producer Organization),
Secondary processor, Fish farmer

Source: University of Nantes, from RIC data

The variables are described in Tables 1 and 2. Sdmeple was restricted to the
identified buyers having bought at least 10 lotsirduthe period Furthermore, the sample
was restricted to the sellers having participatddast to 10 transactions in Lorient during the
period. The transactions exceeding 55 kg were rechdecause fish was then sold outside
the auction system. We focused the analysis on &ise deal with homogeneous quality
products. This size category represents more tbé&h af the lots, whereas size 2 represents
around 20% (size 1 and 3 being negligible). Thgdarsizes (1 and 2) usually represent a
distinct market, being directed to restaurantsighdr prices and the small size to household
consumers. The other interest of using size 4asdh buyers (supermarkets, wholesalers and
retailers) compete in the bidding process for tategory. The sample was restricted to the
days for which at least 20 transactions were déd& @ays). Finally, the remaining number
of transactions is equal to 66,834 transactions.

* The identified buyers are those having an APE ¢odemain activity), thus giving information ohet type of
buyer. Consequently, the remaining 16,783 obsemattould not be used.



The buyers are divided into four categories: supeket, primary processor,
fishmonger and others (restaurant owners, seconuaigessors, fish farmers). The dataset
includes 7 supermarket buyers, 16 primary processod 61 fishmongers. Only these three
categories will be considered in the study, reprtisg the largest market share.

Table2
Descriptive statistics
(N = 66,834 transactions between SeptemBe2a10 and September22012)

Super markets Primary Fishmongers Others Total
processors

Number of transactions 8015 20941 36068 1810 66834
% of transactions 11.99 31.33 53.97 2.71 100.00
Total weight (kg) 148954 407232.8 604836.4 26900.8 1187924
% Total weight 12.54 34.28 50.92 2.26 100.00
Total value (euros) 1367640 3876446 5997998 250361.1 11492445.1
% Total value 11.90 33.73 52.19 2.18 100.00
Average weight per transaction 18.58 19.45 16.77 14.86 17.77
AWT?* standard deviation 10.09 10.50 9.56 12.19 10.09
Quartiles

25% 12.00 12.60 8.30 6.90 9.10

50 % 17.40 18.70 15.40 9.35 16.30

75 % 22.70 23.20 21.70 17.00 22.30
Average price per kg 9.18 9.52 9.92 9.31 9.67
Price standard deviation 2.77 3.04 3.08 4.15 3.407
Quartiles

25% 7.22 7.38 7.74 6.00 7.48

50 % 8.54 8.81 9.12 7.50 8.92

75 % 10.20 10.79 11.49 11.67 11.07

Note the reservation price is equal to 6 euros. * Agerweight per transaction
Source: University of Nantes, from RIC data

Fishmongers represent more than half of transagtipnmary processors around one
third, and supermarkets 12% only. Average and megr&ces are higher for fishmongers,
followed by primary processors and supermarketgd@more numerous and lower-sized on
average, mongers buy fewer and smaller lots thacegsors and supermarkets: 1,315 lots per
processor; 1,152 lots per supermarket buyer, adgpBBmonger.

4. Stylized facts
4.1 Distribution of buyers and sellers

As proposed by Gallegati et al., 2011; Giulioni @wkciarelli, 2011; Cirillo et al.,
2012; Hardle and Kirman 1995, to describe the matkeyer and seller distributions by size
are examined (Figure 1a). The size is defined addtal weight traded by agents over the
period. The distribution of buyers is characteridsgda peak showing that they are more



concentrated on smaller quantities. The distrilbutod sellers is flatter with two groups of
medium-sized (around 10 t) and larger (50 t) vesdekerestingly, Gallegatt al. (2011)
exhibit similar patterns on the multi-species #alfish market of Ancona.

Taking the heterogeneity of buyers into accoungyFeé 1b), the size distribution of
buyers depends on their type. If a large numbemohgers exhibit similar patterns as the
general pattern in previous Figure, the supermaaket wholesaler ones are very different,
with flatter distributions, especially for some tife wholesalers who tend to buy larger

guantity too.
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Source: University of Nantes, from RIC data

4.2 The price-quantity relationship at the transatlevel

In order to plot the price-quantity relationshipeeage daily price per kilo and average
daily lot size in kilo were calculate&tricto sensuthe relationship is not between the price
and the quantity purchased by each buyer, sinclattez can purchase several lots, but rather
between the price and the size of lots in kidephropsare arranged in cases of more or less
8 kilos. The quantity of each lot follows certaimnking rules set by the auctioneer. Vessels
are randomly ordered by the port manager becautte @xpected decline of prices. By doing
so, it avoids a race for landing first to get thghlest prices. Thereafter, the manager also
decides to organize sales boat by boat so as folysepenly small and large buyers. For
landings smaller than 2 tonnes a day, lots of laNgphrops(sizes 1 and 2) are sold case by
case. For each vessel, the small ones (size 4patdy lots of 1 case first (8 kg), then lots of
2 or 3 cases, i.e. weighing 16 or 24 kg. Aboverthé&s of daily supply, smaNephropsare
first sold with several single case lots (e.g. @ueatial lots), then by lots of 2 cases (5-6 lots),
then by lots of 3 cases, one case can be addethdaremaining lots. And this process is
repeated for each vessel. One objective of theamestr is to satisfy each buyer by mixing up
lot sizes, but also to shorten the duration ofssakefar as possible for such perishable goods.
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Source: University of Nantes, from RIC data

Figure 2 shows a downward sloping price quantitgti@nship on average, obtained
through a kernel smoother. This cannot be consida® a classical downward-sloping
demand curve at the individual level because eagbequantity spot represents an
equilibrium state between buyers and sellers afetsdo a specific size of lotsréducing
prices to averages may well lose a significantdsabf the data. Furthermore, it means that
the average price cannot be regarded as a reasenabfficient statistic and that other
properties of the price distribution must be taketo account (Hardle and Kirman 1995). In
our case, smaller lots are sold on average witreatgr dispersion of prices than larger ones.
For the very large lots, prices are less dispeasetllook even less sensitive to quantity than
smaller ones. This could be interpreted in manjedéht ways. First, larger lots are more
frequent during high seasons, i.e. when the presell drops because of excess supply.
Secondly, larger lots could only be purchased brgela buyers being in a rather
monopsonistic and collusive position to keep prae®w levels.

Buyers often decide to buy a fixed quantity witlircertain price range (namely the
reservation price), and will not respond to loweicgs by increasing their own individual
guantity. When the quantity of purchased goodsggregated for each level of price, a
downward-sloping curve is obtained (Gallegati al. 2011). Moreover, by leaving the
marketplace earlier once they are served, theyadamnly modify the market structure but
also the strategic behaviour of the remaining agefst downward-sloping demand (...)
certainly could not be attributed to the normalligrmaximising model as it frequently done,
but is rather the property that emerges from a eaticomplicated noncooperative game
(Hardle and Kirman 1995, p. 236). The property omanotone decreasing relationship
between price and quantityddes not reflect individual behaviour but rathesuds from
aggregationi (Ibid, p. 249).

4.3 Price dynamics

Price variability stands everywhere, even for temtisns homogenous in quality.
Prices can change from year to year due to badad barvests, but also seasonally between
months in connection with demand peaks; within akvéecause of a weekend effect
exploited by retailers; finally throughout auctisales within the same day (declining price).
Let’'s observe and explain some of these time fraju@by and monthly dynamics of prices).
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4.3.1. Within a day

As mentioned in the introduction, the objectivala$ paper is to analyse the evolution
of prices within a day for similar products. Folioyy Gallegatiet al. (2011), the daily
transactions have been ranked in our dataset ardger prices have been calculated for each
rank order. As shown in Fig. 3a, the average pglobally decreases as the rank order
increases. This relationship is not linear: atiéginning of the process, the decrease is sharp,
the slope being smoother beyond rank 100, and ¢ven flatter close to rank 200, with
irregular and more dispersed prices beyond rank @4fich represents less than 1% of
transactions). Such decreasing average prices oreeal aggregation effects that need to be
further detailed. For instance, we know that 75%lafy sales count less than 154 traded lots.
Consequently, a greater number of transactionsongntake place in exceptional periods of
high supply which could better explain these lowcerlevels than a pure declining price
anomaly.

Another chart has been plotted for each buyer ocaye@rig. 3b) and the erratic
behaviour of prices reported in the later transastiis common to all buyer categories (not
observable on this Figure where transactions haen adjusted with symmetric nearest
neighbour linear smoothers). Some differences caetheless be reported when the number
of daily ranks is higher. This could stem from a@entration effect on the market, processors
being fewer than mongers.
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Fig.3a Average price of transaction rank Fig.3b Predicted price of transaction rank by buyers’

categories
Note: Symmetric nearest neighbour linear smoothers
Source: University of Nantes, from RIC data

More interestingly, a new figure is proposed betowook at the dispersion of prices
(coefficient of variation CV, i.e. standard dewietiof prices per kilo divided by their mean)
according to the rank of transaction. To the bésiur knowledge, this is the first time that
such a relationship is considered on fish aucti@rkets. Combined with Fig. 3a, it shows
that prices do not only decrease in levels withithag, but would also decrease in volatility
(Fig.4). The decreasing pattern between price aauksaction rank is convergent with the
transaction up to a certain number of transact{orsonvergencd. The disparity is reduced
during the sales up to a certain number of trarmaxt The Ashenfelter hypothesis could then

® The concept of o-convergence is defined by the measurement of an indicator of disparity (e.g. CV)
between different units and its development over time. Thus a convergence trend is present when the CV
decreases, indicating a shrinking disparity of the variable.
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be put forward, fitting with financial theory, wteeprices decline at higher ranks because the
associated risk is lower, just like any other assttrn.
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Fig. 4 Price per kg coefficient of variation and transactiank
Source: University of Nantes, from RIC Data

4.3.2. Within a week

In Fig 5, a clear pattern of auction prices thraughthe week is evidenced by the
results, with higher price levels observed for It days of the week (Friday and Saturday).
Furthermore, whatever the day, the price appedne tecreasing with the transaction’s rank,
but not immediately for the weekend days. We raiwvenaegression models for which the
price is estimated according to the transactioarskrfor each day: prices during Tuesday and
Wednesday appear to be more sensitive to the redde @n average, whereas Saturday or
Monday’s prices appear to exhibit a less decregsatigrn.
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Fig.5 Predicted price of transaction rank by tyjfe
days
Note: Symmetric nearest neighbour linear smoothers
Source: University of Nantes, from RIC Data

The different categories of buyers do not buy unily over the week days: mongers
buy relatively more on the weekend, representirid® market share on Saturday (against
54% on average), while supermarkets and wholesalersnore present at the beginning of
the week (Table 3). This could result in a speqgiice pattern on Saturday sales because of
this composition effect between different biddeougps. The larger presence of mongers on
Friday and Saturday goes with higher average paodsa greater number of lots (ranks).
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Table3
Daily statistics and market shares by types of day
(N = 66,834 transactions between SeptemBe2010 and September22012)

Average Average Market shares (%)
Average .S
Prices (euros) Quantities Rank Primary _
(tons) (number) ~ Supermarkets Dr OCessor's Fishmongers
Monday - 9.30 - 110.93 — 105.90 + 13.42 382 - 51.22
Tuesday - 9.9 — 159.82 - 97.85 + 15.39 31459 — 50.69
Wednesday - 882 + 238.47 + 127.16 - 11.90 2818 + 56.86
Thursday - 8.80 + 207.04 — 115.54 + 13.89 36184 - 46.71
Friday + 10.49 + 245.30 + 124.26 - 11.46 +5382. + 54.58
Saturday + 11.01 + 226.36 + 166.61 %55 — 27.50 + 61.02
Average 9.67 99.07 122.18 11.99 31.33 53.97

Note: Among type of buyers, Others’ category orditte- signifies that the value is higher/lower thannitsan.
Source: University of Nantes, from RIC data

4.3.3. Within a year

Some authors have linked the declining price angrmathe irregularity of supply in
the case of wild-caught fish markets (Pezanis-@uis2000, Neugebauer and Pezanis-
Christou 2007). Supply uncertainty would affect sy preferences and perception about the
available quantity on the markets, thus creatingddmns for asymmetry and distinct risk
behaviours. In the case biephropsmarkets, the best conditions for supply and dendmnd
not fit: the high season for catches take place/éen April and June, meanwhile the peaks of
demand concern August (because of coastal summeisitg and December (Christmas
demand).

Average price
N =
b <
Predicted price

-
N
!

10+

NN
61 6 January-  September

Q\{Ir“ Q&&‘ sz}é\ VQ;\ @'ﬁ 3\»& S \Qf} & (}oce} & eoé 0 100 200 300 400
¥ @ & O Rank of transaction
Fig. 6a Monthly average price Fig. 6b Predicted price and rank of transaction by

month
Note Symmetric nearest neighbour linear smoothers.

Source: University of Nantes, RIC data

The monthly average prices were plotted in Fig.réiecting the two demand peaks
of August and December, months of shortage. Phee® increased from year to year but
present exactly the same seasonal patterns whatieeeyear. June represents a peak of
tonnage for mongers (> 80 t), while May is moreybfe the two other categories, but the
market share of mongers is the highest for the seimmonths (July, August), close to 60%,
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against 54% on average, certainly to meet the dbardemand. We ran naive regression
models for which the price is estimated with regspedhe transaction’s rank for each month.
The declining price pattern is found more sensitivethe rank for the shortage months
(January, December, September, October, August)emsdsensitive for months with excess
supply (March, April, June, and May).

5. Thedaily dynamics of priceswith three buyer groups

Our first empirical strategy tests for the exisermf a declining price within a day
through the sequence of transactions by captunegéombined effects of several explanatory
variables. Secondly, we search if actors behavéasignand how the presence of asymmetric
buyer groups contributes to explain the daily pdeerease.

5.1 The panel models

From the descriptive analysis of the data, we patuhat the price per kilo of traded
lots can be explained by several factors. At thedaction level, we introduce in the model
the effect of the lot size in order to captureetfect on prices, as shown in section 4.2. The
price of the transaction is supposed to be expiainethe rank of the transaction during the
day. To scrutinize the daily dynamics, the 66,8@hgactions have been divided into ten
equally sized classes according to the rank orelach class representing a decile of the
transactions’ distribution (up to the 12th trangactthen 12 to the 28" 24" to the 38" 36"
to the 49" 50" to the 65" 64" to the 78" 79" to the 94" 96" to the 118; 119" to the 158,
156" and more.

Accounting for unobserved heterogeneity (to taki iaccount the price variation
across days), we consider an unbalanced panelichwelch auction dayis characterized by
a certain number of ranked transactibn®/e obtain 547 days for which the average number
of transactions is 122.2 (SD = 59.4; Min = 20; Ma&35; Q1 =82; Q2 =112; Q3 =154)
which corresponds to 66,834 transactions. We hgwanal dataset in which both the rank of
daily transactions and the number of days are darge. However, due to the important
variability in the daily number of transactionsofint moderate to large), the panel is strongly
unbalanced.

We choose first to estimate an Ordinary Least Sf¢@LS) model. To capture the
day-invariant heterogeneity across groups, a Fikelet (FE) model is estimated in a second
step. By demeaning the variables using a withinsfia@mation, the fixed-effect estimator
removes the effect of day-invariant observable atteristics so as the net effect of the
explanatory variables on prices can be assesses.eSlimator is designed in our case to
study the causes of price variation within a dagwiver, in the FE models, only the intercept
can differ across days. As the data are charaetkitizy moderate to long T, we choose to
estimate a model that allows for heterogeneousestmefficients across days. The Mean-
Group (MG) estimator (Pesaran and Smith, 1995¢sean estimating N daily regressions and
averaging the coefficients. Furthermore, we suppts® the daily market may be
characterized by a certain dynamic where learnimd) memories play an important role in
this type of market (Vignest al, 2011). The repeated transactions may be influbbgethe
daily dynamic and the lagged values of the pricenduthe day. As the standard Least Square
with Dummies Variables (LSDV) estimator of a dynampanel provides biased and
inconsistent estimates for finite time horizon (Rékt, 1981), we choose to estimate the bias
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corrected least square dummy variables (LSDVC)nmegor (Kiviet, 1995, 1999). The
dynamic form of our model can be written as:

P.=yPRL+BW, +u +¢ (1)

whereP; is the vector of price (in logarithms) that vastieen days and transaction’s rank

t, W is a vector of variables described abovendpgs are the corresponding parameters to
estimate, u; is the day-specific effect and; is a residual error term expected to be
uncorrelated with the explanatory variables. In@GisS, FE, and MG models, we suppose that
y is equal to 0. In the MG estimator, the equatibni¢ estimated for each day including an
intercept to capture fixed effects (Eberhardt, 90The estimated coefficients are averaged

across days:

_13
p=x3

=1

A

(2)

Finally, in the dynamic specification, a numberaoinsistent instrumental variables
(IV) and generalized method of moments (GMM) estor& have been proposed as an
alternative to LSDV to remove the correlation bedawehe transformed lagged dependent
variable and the transformed error term (Andersod Hsiao, 1982; Arellano and Bond,
1991; Blundell and Bond, 1998). With another apphpaKiviet (1995, 1999) chooses to
compute an explicit data-dependent correction ler fixed-effects bias where the LSDVC
removes an approximate sample bias from the Fifha&ir. The variance-covariance matrix
of estimated coefficients is estimated by a boapstapproach. Finally, Bruno (2005)
computes the bias correction for unbalanced padelsording to Judson and Owen (1999)
and Flannery and Hankins (2013), LSDVC dominates@&MM estimators for panel of all
lengths for respectively balanced and unbalancedlpa

Table4
Estimation results

OoLS FE MG LSbvC
Lag of theprice 0.8322***
(0.0060)
Lot size -0.1620*** -0.0206*** -0.0219*** -0.0069***
(0.0106) (0.00241) (0.0025) (0.0004)
Transaction ranks (deciles)
Less than 1 Ref. Ref. Ref. Ref.
12 lo less than 24 0.0139*** 0.0029 0.0023 -0.0022
(0.0032) (0.0030) (0.0030) (0.0012)
24 lo less than @ 0.005¢ 0.000: 0.001« -0.C01€
(0.0044) (0.0035) (0.0036) (0.0013)
36 lo less than & -0.002: -0.000: -0.001: -0.001¢
(0.0058) (0.0038) (0.0036) (0.0014)
50 lo less than ¢ -0.0120° -0.001! -0.000¢ -0.0023!
(0.0068) (0.0043) (0.0038) (0.0012)
64 lo less than 79 -0.0328*** -0.0087* -0.0070* .0034**
(0.0077 (0.0047 (0.0040 (0.0013
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79 lo less than 96 -0.0547*** -0.0093* -0.0084** 0.0030**
(0.0087 (0.0049 (0.0039 (0.0011
96 lo less than 119 -0.1090*** -0.0144** -0.0083*  -0.0043***
(0.0104 (0.0055 (0.0(36) (0.0009
119 lo less than 156 -0.1750%** -0.0236*** -0.01't2 -0.0064***
(0.0138) (0.0067) (0.0032) (0.0014)
More than 15 -0.2390*** -0.0393*** -0.0090** -0.0088***
(0.0208) (0.0119) (0.0028) (0.0012)
Constant 2.804*** 2.358** 2.435%**
(0.0331) (0.0070) (0.0152)
Number of days 547 547 547 547
Average number of rank 122.2 122.2 122.2 121.2
Number of observations 6683« 6683« 6683¢ 66287

Note: Standard errors are in parenthesis. * p<0.p<.05, *** p<0.01. The type of buyer is takentinaccount
(fishmonger, primary processor, supermarket, ahdrpbut not presented here to focus on the raiektef
Source: University of Nantes, RIC data

The estimates are presented in Table 4. The ficgteincorrespond simply the OLS
estimates of the model {R 0.19). In the FE model with White and clustesgcthe panel
level standard errotsthe joint test of coefficient equality for theilfadummies rejects the
null that the coefficients are equal to zero (F(58@&274) = 1363.3, p = 0.000). However, the
intra-day correlation is very high: nearly 95% loé tvariance is due to differences across days
(R* Within = 0.05, R Between = 0.48, R= 0.16). This reflects the strong variability ofqes
from day to day (e.g. weekday and seasonal effédfth a Hausman test, the hypothesis that
the daily-level effects can be adequately modelgdabrandom effect model is rejected
(Chi2(13) = 921.6, p = 0.000). The individual etteare correlated with the other regressors
in the model. Furthermore, the MG estimator allows for slopefficients heterogeneity
across days. Pesaran and Smith (1995) show thafi@estimator will produce consistent
estimates of the average of the parameters. Ttimasr does not consider nonetheless that
certain parameters might be similar across groopise traditional pooled estimators, such as
the FE estimators. Finally, the LSDVC estimatoregknto account the daily dynamics. Due
to the important number of observations, the cowrtpartally simpler Anderson and Hsiao
estimator is the chosen initialization and a patamebootstrapped procedure with 50
replications is used to estimate the variance-¢canae matrix.

5.2 A verified -although late- decline of price

In the four specifications, a negative relationsiifound between the lot size and its
price per k§. The buyers who buy larger lots benefit on averfage reduced price per kg.

® As the Wooldridge to test for autocorrelation régethe absence of first-order correlation (F(1,546001.9,
p = 0.000), the standard errors are daily clustefé@ modified Wald test for groupwise heteroské&dig is
strongly rejected (Chi2(547) = 81712.4, p = 0.00@hite standard errors are used. The OLS spedditdtas
White and clustered at the panel level standaa®rr

" As the Frees (1995) and Pesaran (2004) tests e$ crectional independence are rejected, a FE mattel
Driscoll-Kraay standard errors was estimated witlags. Even if the standard errors were increased td
contemporaneous correlation correction, the sigaifce levels were not modified.

8 In order to check for potential endogeneity ofdizte variable, instrumental variable estimator tessed with
the FE model. The Hansen test of over-identifyiagtnictions cannot be rejected (Chi(1) = 0.994, (©319)
whereas the underidentification test is rejecteldi(@} = 39.47, p = 0.000), when the lot size igrumsented by
its second and third lagged difference values. His ttase, the equivalent Durbin-Hu-Hausman test of
endogeneity cannot reject that the variable catndaded as exogeneous (Chi(1) = 1.491, p = 0.222).
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This could stem from different factors. Bigger late more likely to be purchased by primary
processors or supermarket buyers for their secgndaarkets, than by mongers selling

directly to consumers after the auction process. idgative parameter of the weight variable
might therefore be interpreted in terms of lowempetition in the bidding process for larger

lots, or to a price discrimination effect wheredges expect to pay a discounted unit price
when buying a larger quantity.

In order to capture the daily dynamics of pricég tank of transaction was firstly
tested as a continuous variable and its quadratio tested. Whatever the specification, the
transaction rank is conversely linked to the logtlod transaction price, without quadratic
form. In approximately 75% of the 547 daily regieas used to construct the MG estimator,
the rank of transaction is negative and significain5% level (431 days). The rank variable
was then divided into ten ordered cate%ories afslmations, each representing a decile of the
distribution. We can see that after thé"@6t, the daily price decreases significantly ih al
tested models (similar results are obtained if otdaegories are taken as a reference). The
latest daily transactions are associated with loprazes. Other FE models were run with
deciles calculated day by day whatever the numlberamsactions (e.g. a first category
representing less than 10% of the daily lots, aos@oone including the 10 to 20% first
transactions, etc.). Another evidence of the dewirpattern is obtained after that 60% of
daily lots have been sold on average.

Increasing coefficients by rank category means tinatdeclining pattern tends to be
more acute at the end of the process, especiallgrig selling days (i.e. those including more
than 156 transactiors)For instance, in the fixed model, if a Wald tektoefficient equality
between the two last categories (119 to less tHah dnd 156 and more) shows that
coefficients are not significantly different (FB46) = 1.87, p = 0.173), we found significant
differences for all other categories beyond th8 16%s taking the last category as reference.

In the LSDVC, even if the lagged price capturing tthynamics is significant and
explain more than 80% of the price change in tletsian (i.e. for the following transaction),
the daily price starts to decrease significantly (@ 10% level) after the 50lot.
Interestingly, although the dynamic model is dri\srnthe influence of past prices revealing a
certain inertia of bidding behaviors (and possibffiliation), the evidence of decreasing
prices still remains.

5.3 Testing for asymmetric buying patterns

We have so far assumed that each category of buyensves similarly. To
disentangle the buyer group effect and buyers’ Wiehawe first present an OLS estimate
including the weekday, month, and year effects ahl& 5 (R = 0.61). The introduction of
time effects confirms the estimates issued from |dadx the late decline of prices.
Furthermore, a clear pattern of auction pricesuphout the week is evidenced by the results,
higher price levels being observed for the lastsdalythe week. A seasonal effect is also
emphasized with the highest prices reached durieg shortage months of August and
December. Finally, the transactions purchased bygmy processors and supermarkets are

% As the panel is strongly unbalanced, the last @yeataoefficients of the transaction rank variablehe MG
model rely on fewer observations and should bertakiéh caution.
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characterized by a lower price than fishmongers@the most largely represented category,
fishmongers served as reference. We used a Waltbtese whether the coefficients between
supermarkets and primary processors are equal.hib dpecification, the equality of

coefficient is rejected at the 1% level [F(1, 5466.00, p = 0.000]. From this result, it is
clear that the average price paid by supermarlsetewer than the price paid by primary

processors.

Table5b

Results by type of buyers

Symmetric buyers

Asymmetric buyers

All buyers Fishmongers Primary Processors  Supermarkets
Coeff SE Coeff SE Coeff SE Coeff SE

Lot size -0.088*** (0.007) -0.084** (0.006) -0.082*+* (0.009) -0.123*** (0.010)
Transaction ranks
Less than 12 Ref. Ref. Ref. Ref.
12 lo less than : 0.008**  (0.003 0.00¢ (0.00% 0.01¢ (0.007 0.016*  (0.007
24 1o less than 36 0.001 (0.004) 0.004 (0.006) 00.0 (0.007) 0.001 (0.008)
36 lo less than 50 -0.006 (0.005) -0.006 (0.006)010 (0.008) 0.001 (0.009)
50 lo less than ¢ -0.013**  (0.006 -0.00¢ (0.007 -0.021** (0.C09) -0.01Ff (0.Co9)
64 lo less than 79 -0.032**+*(0.007) -0.035** (0.008) -0.034*** (0.010) -0.014 (0.010)
79 lo less than ¢ -0.044** (0.007 -0.041** (0.00¢) -0.050*** (0.01() -0.039*** (0.01])
96 lo less than 119  -0.068***(0.008) -0.072** (0.009) -0.060*** (0.011) -0.065*** (0.012)
119 lo less than 156  -0.097***(0.010) -0.101** (0.011) -0.088** (0.012) -0.094** (0.012)
More than 15 -0.142** (0.015 -0.151** (0.016) -0.126** (0.017 -0.144*** (0.019)
Weekday
Monday Ref. Ref. Ref. Ref.
Tuesday 0.036 (0.034) 0.018 (0.034) 0.055 (0.035)7%*  (0.030)
Wednesday -0.013 (0.032) -0.027 (0.033) -0.003 3®.00.020 (0.030)
Thursda: -0.02¢ (0.037) -0.03¢ (0.039) -0.01: (0.039 0.01¢ (0.C29)
Friday 0.149**  (0.033) 0.129** (0.034) 0.169** ({.035) 0.188** (0.031)
Saturda 0.185**  (0.037) 0.168** (0.037) 0.204*** (0.039) 0.211*** (0.C34)
Month
January Ref. Ref. Ref. Ref.
Februar -0.05: (0.¢c47) -0.05: (0.048 -0.05¢( (0.048 -0.076* (0.C44)
March -0.165*** (0.034) -0.168** (0.035) -0.160*** (0.035) -0.153*** (0.032)
April -0.142** (0.03¢) -0.138** (0.04() -0.142** (0.047) -0.127** (0.C37)
May -0.295** (0.035) -0.290*** (0.038) -0.294** (0.036) -0.277*** (0.033)
June -0.270*** (0.03¢) -0.267** (0.C36) -0.269*** (0.03%) -0.263*** (0.C32)
July -0.064* (0.036) -0.066* (0.036) -0.057 (0.037p.058 (0.037)
August 0.277**  (0.036) 0.266*** (0.037) 0.301** (Q.037) 0.283*** (0.033)
Septembe 0.168**  (0.03¢) 0.163** (0.C38) 0.185*** (0.04() 0.135*** (0.0%7)
October 0.047 (0.047) 0.050 (0.048) 0.059 (0.050p0D (0.044)
Novembe 0.108*  (0.04f) 0.110*  (0.04% 0.115**  (0.047) 0.085**  (0.C43)
December 0.384**  (0.059) 0.386*** (0.057) 0.394** (0.066) 0.333*** (0.060)
Y ear
201C Ref. Ref. Ref. Ref.
2011 0.117**  (0.034) 0.117** (0.034) 0.120*** (037) 0.099*** (0.034)
2012 0.275**  (0.037) 0.277** (0.C37) 0.280** (0.C39) 0.226*** (0.C36)
Buyer group
Fishmongers Ref.
Supermarke -0.030** (0.C03)

Primary processors

-0.007**+(0.003)
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Constant 2.400***  (0.049) 2.426*** (0.050) 2.390*** (0.055) 2.491*** (0.051)
Number of obs. 66834 66834

Note: White standard errors (in parenthesis) ctastéy date. Among type of buyers, Others’ categomtted.
* p<0.1, ** p<.05, *** p<0.01.
Source: University of Nantes, RIC data

Now assuming that the declining price pattern ifecéd by the presence of
asymmetric buyers, we specify an asymmetric mogeiding the interaction of each variable
issued from the symmetric one with each type ofebsi(which gives the coefficients that
would be obtained if separate models were estimfatedach type of buyers). Buyers behave
on average differently with regard to the lot sidtee Wald test of coefficient equality is
strongly rejected [F(2, 546) = 26.00, p = 0.000heTot size has greater influence on prices
for supermarkets than for any other buyer groughéhsame way, the decline of prices over
the sales is slower for supermarkets than for dhgracategory. It starts, on average, after the
79" lot, against the 8%lot for mongers and the $0ot for primary processors. A joint Wald
test of transactions’ rank coefficients shows thettd patterns on prices differ between actors
[F(18,546) = 2.13, p = 0.004]. However, the effetthis dynamic on prices does not differ
between fishmongers and supermarkets [F(9,54632 Jp = 0.226] and between primary
processors and supermarkets [F(9,546) = 1.45, 4640 But a significant difference is
found between fishmonger and primary processo&$86) = 2.61, p = 0.006]. Interestingly,
the coefficient if the category ‘12 to less than i84significant for supermarket (compared to
the ‘Less than 12’ one) which means that supernsr&ee in average prone to pay higher
prices at the beginning of the transaction’s dalgen the declining price phenomenon
concerns all buyer categories, even if differenoéscoefficients can be found across
categories in periods of higher demand (weekdagh l8eason). A joint Wald test of
weekdays coefficients shows that the effect of wlegkpatterns on prices differ between
actors [F(10,546) = 3.41, p = 0.000], although mmificant difference was found between
supermarkets and primary processors [F(5,546) 4, p.& 0.147]. Similarly, a joint Wald test
of monthly coefficients shows that the effect of ntidy patterns on prices differ between
actors [F(20,546) = 2.77, p = 0.000] and for eaain @f actors.

In Table 6, the average predicted prices have loadculated. The Table exhibits
strong differences according to the lot size, taatisn ranks, weekdays, months, and years.
We can outline the closeness of average prediatedspbetween supermarkets and primary
processors for small lots, the difference incre@suith the size of lots. As far as weekdays
are concerned, when prices are lower (from Tuesaldyursday), price differences between
buyer groups are less significant than Saturdaygnwishmongers “make” the market price
(the gap between supermarket and mongers’ priae teresenting 0.56 €/kg). Similarly,
price differences are less significant between gsoduring the months of excess supply,
between March and July, reaching 1.42 €/kg betwaengers and supermarket buyers. Of
greater interest for our study is the price diffexe between the beginning and the end of sales
(rank effect): all buyers included, the price deses by 1.36 €/kg, which makes a huge drop
in revenues for fishers. This gap takes even greaiees for fishmongers (-1.47 €/kg), than
for the two other categories (-1.29 €/kg for supmiets and -1.19 €/kg for primary
processors).
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Table 6 Average predicted price (Euros/kg)

Symmetric Asymmetric buyers
(all) buyers Fishmongers  Primary  Supermarkets
Processors
Lot size
Q1 (9.1 kg) 10.31 10.44 10.17 10.11
Mean (17.8 k¢ 9.86 1C.0C 9.75 9.49
Q3 (22.3 kg) 9.53 9.68 9.45 9.05
Transaction ranks
Q1 (82 9.81 10.02 9.64 9.28
Mean (122.2) 9.49 9.67 9.36 8.98
Q3 (154 9.25 941 9.15 8.75
Transaction ranks
Less than 12 10.26 10.49 10.06 9.67
12 lo less than & 10.34 10.55 10.17 9.83
24 lo less than 36 10.27 10.53 10.02 9.68
36 lo less than £ 10.20 10.43 9.95 9.67
50 lo less than 64 10.12 10.40 9.85 9.53
64 lo less than 79 9.94 10.12 9.72 9.54
79 lo less than ¢ 9.81 10.07 9.57 9.3C
96 lo less than 119 9.58 9.76 9.48 9.06
119 lo less than 1! 9.31 9.48 9.21 8.8C
More than 156 8.90 9.02 8.87 8.38
Weekday
Monday 9.26 9.53 8.9¢ 8.69
Tuesday 9.60 9.71 9.50 9.37
Wednesda 9.14 9.28 8.9€ 8.86
Thursday 9.03 9.17 8.88 8.85
Friday 10.75 10.85 10.65 10.49
Saturday 11.15 11.28 11.03 10.72
Month
Januar 10.36 10.5C 10.14 10.06
February 9.83 9.97 9.65 9.33
Marct 8.78 8.88 8.64 8.6:
April 8.99 9.14 8.80 8.86
May 7.71 7.85 7.56 7.62
Jung 7.91 8.04 7.75 7.73
July 9.72 9.83 9.59 9.49
Augus 13.66 13.69 1371 1335
September 12.26 12.36 12.20 11.52
October 10.85 11.03 10.76 10.06
Novembe 11.54 11.72 11.38 10.95
December 15.21 15.45 15.05 14.03
Y ear
2010 8.40 8.55 8.22 8.26
2011 9.45 9.62 9.27 9.12
201z 11.06 11.2¢ 10.87 10.36
Buyer group
Fishmonger 9.91
Primary processors 9.83
Supermarkets 9.61
Number of observations 66834 3606¢ 2094 801¢

Note: Exponentiated average predicted prices. Steategory omitted.
Source: University of Nantes, RIC data
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6. Discussion

The objective of the present research was to lgghlthe anomaly of decreasing
prices within daily auction sales and to explairchsua paradox through asymmetric
behaviours of bidders. The Vickrey theorem of resmerequivalence between identical
auctioned items sold sequentially (Vickrey 1961 )uldonot hold throughout time because at
least one of the axiomatic conditions —namely nififiedion, risk-neutrality and symmetry of
bidders- is not met. Our results confirm the preseof such declining price anomalies on a
French market for Nephrops with sequential Dutcttians. Auction prices tend to decrease
significantly after a certain number of transacsione. after rank 65 on average (122 being
the average number of daily transactions). A sinmlkegative relationship was also observed
in other European fish markets operating under scafeding auction process, such as the
Spanish market of Palaméds for fish (Fluvia et &12) and the Ancona market in Italy
(Gallegattiet al.2011). On the Spanish market, a price declineamasfound for 8 of the 12
species, but not for small Nephrops. A differenading system (through pairwise
transactions) may lead to different outcomes, siheecase of the Marseilles fish market
showed no such phenomenon (Hardle and Kirman 1995).

Several hypotheses can explain the declining @nanaly. First of all, the symmetry
condition does not hold, thus considering differéotyer groups under the market with
distinct private values and possibly various rigiitwedes. This can be the case of small vs
large buyers, the latter bidding more aggressitelgbtain the required quantity meanwhile
the former group can afford to wait for better citiods due to smaller procurements. Buyers
may also occupy different positions within the nsrkhain, being more or less close to
consumers and therefore able to extend their mamgiore easily. They may also value time
differently, being more impatient to leave the nerés they need to open their distant retail
shop. A second hypothesis may lie in the changiagket structure throughout the sequence
of transactions. A diminishing number of biddersubresult in oligopsonistic and more
collusive behaviours in the course of time, redgahre price levels for the latest transactions.
Finally, a third hypothesis which is not independeom the two previous ones associates the
declining price anomaly with supply uncertainty grediods of shortage. When the market is
short in tonnage and buyers face demand peaks,rigleaverse bidders would tend to bid
more aggressively during the first transactions, amtte served, would leave the market
earlier.

In the present case, stylized facts (section 4)randel estimations (section 5) shed
new light to the price decline anomaly. Periodshigfher supply clearly smooth down the
anomaly, as shown by Pezanis-Christou (2000) fadisa lots auctioned in May in Sete.
Uncertainty about the total number of units produdbe paradox, which disappears
otherwise. The available quantity of the day widgard to the demand level matters for
bidders, both by signaling excess supply to thelevhwarket and by producing a lower fear of
bidders for not being served during early transacti This variable was also found very
significant and negative for all the 12 modelsddsh Fluvia et al. (2012) and by Gallegatti
al. (2011). In the latter article, authors have alsticed, after ranking the transactions, that
the average price goes down as the rank incre@bey.calculated the price variation for the
last two transactions of the day, and showed ttiat &verage price tends to increase on days
characterized by a limited supply of fisfibid., p. 27). The limited supply plays a key role
not only during the early sales (risk premium imldd in the price, as reported by McAfee
and Vincent 1993) but also at the very end of #less when some buyers realize that they do
not have the quantity demanded by their own custeme
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The perception about shortage and excess supplyt inégdifferent for buyer groups.
Here comes another argument served by Pezanist@hri2000). Wholesalers are
distinguished from retailers who buy fewer and demndbts at higher prices, and may leave
the market earlier, as reported also in Gallegattl. (2011). In our present study, a third
buyer category (supermarket buyers) seems to bel#terently from both primary
processors and mongers. They purchase at lowaspeghibit greater (negative) influence of
the lot size on prices, and auction prices decreawe lately for them (rank 79), than for the
two other groups (rank 64 for fishmongers, and ra@kor processors). This latter variable
must be understood as a proxy of bidding aggresess&e showing longer —hence stronger
interest of supermarkets to buy fish lots.

This may appear as a second paradox since supeamankers bid more aggressively
while paying lower prices. The reason lies in therket time picked up by supermarkets, i.e.
weekdays and more abundant seasons, when theydeartise for campaign prices (large
tonnage at low shelf prices) in their own multip&tail shops. On the other hand, weekend
sales are preferably targeted by the other smadilees (mongers), resulting in a greater
number of smaller lots on Saturday (167 ranks,ugef22 on average) and thus reduce the
price decline anomaly that particular day. An ewck of this phenomenon is given by the
predicted price differences between the beginnimjthe end of the sales by buyer group and
by weekday or month. For example, price gaps argetabetween supermarket and
fishmongers on Saturday, when the latter buyersk&hshe market price, than on a mid-
week day. This is even more obvious when compatiiregdifference of predicted prices
between buyer groups in June (-0.23 €/kg) and iceDwer (-1.42 €/kg). Consequently, the
fall in prices between the first and last rangerahsactions becomes logically smaller for
supermarkets (-1.29 €/kg) than for fishmongerstrE/kg).

On the basis of a KS test, Pezanis-Christou (2@ found that distinct categories
of buyers had different preferences regarding iméng of transactions, one type of buyer
buying significantly earlier than others. We hawmducted a similar test with a normalized
rank index variable (for each day, the rank assedito the transaction is divided by the daily
total number of transactions). A test of equalitymedians (honparametric K-sample test on
the equality of medians) of this index rejects thdl hypothesis of the same median for all
buyer groups. The supermarket distribution is ottaresed by a median value which differs
from that of primary processors and fishmongersreas the null hypothesis is accepted for
these two latter groups A Wilcoxon ranksum test (Mann-Whitney test) gaumilar results.
The estimation of the probability that a randomwdfeom the mongers’ distribution is higher
than a random draw from the processors’ one issigpiificantly different from 0.5, whereas
probability that the transaction rank for fishmorsger primary processors is greater than the
transaction rank for supermarkets is 0.58.

10 Between supermarkets and primary processors, Dhi2824.67, p.=0.000; between supermarkets and
fishmongers, Chi2(1) = 405.34, p. = 0.000, and ketwprimary processors and fishmongers, Chi2(1p4,2
p. =0.153)
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Fig. 7 Complementary cumulative distribution of
transaction rank by buyer group

A complementary cumulative distribution (or surnlivdistribution function) of
transaction ranks has been plotted (Fig. 7). Pynmocessors and fishmongers exhibit
similar behaviours. Slight differences can nevde$e be outlined: at the beginning of the
auction day, fishmongers tend to be more active fframary processors, whereas the latter
tend to buy more actively after rank 70. Supermiabkdders adopt a different behaviour than
the two others’: for instance, on average at radk temain some 20% of the transactions for
supermarkets, against 30% for mongers and procesSopermarkets tend to clear their
orders earlier than other buyers. This may be duéh¢é fact that supermarkets organise
collective sales campaigns on their selling poiatiyertising a few days ahead before the
auction sales take place.

7. Conclusion

The decline of auction prices for identical iterheotughout sequential sales remains a
curiosity, if not a paradoxical result of the aoatitheory. Such a decline should be
anticipated by agents who would then postpone thighest bids, equalizing prices over time.
The fear of not being served at all should evenmate pressure on bidders for the latest
transactions and thus increase prices. Neverthedepsice decrease or so-called afternoon
effect has been observed on many auction marketgjding fish markets. Among other
hypotheses, the payment of a risk premium for @y ebids would explain the decreasing
price anomaly.

This hypothesis is confirmed in the case of Nephrops norvegicufangoustinep
market in Lorient (France) where a Dutch (descegidaiuction system for these homogenous
products is used: the average predicted price [b3%sof its value between the beginning and
the end of the sales (from 10.26€ to 8.90€ pen kidnich makes a substantial difference of
annual earnings (more than 40,000 €) for vesselding 30 tons yearly. The risk-averse
behavior of agents resulting in higher early pricegvidenced by the disappearance of the
anomaly in case of abundant landings (high hamgseason of March to June).

The overall risk attitude is doubled in our caselgtwith the presence of asymmetric
buyer groups in the bidding process and theirmistmarketing strategies. Our results show
that one of the groups (supermarkets) bid moreesggrely for a longer period of daily sales
when they decide to target this species for disteetling campaigns. This strategy pushes
them to outbid other competitors until they canagbthe required tonnage for their own retail
shops, and such a strategy delays the time of gackne compared to other buyer groups. A
further analysis may scrutinize the heterogendityuyers and its effect on prices, taking into
consideration multi-site buyers who can comparegsrion more than one single market, and
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the asymmetric behavior of remote biddesslocal buyers, adding up complexity to the
market clearing outcome.
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