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ABSTRACT 

The purposes of this study are to examine differences in prices that safari sunset flower growers from Israel receive on 
the Dutch flower bursa, suggest factors that influence such differences, and examine strength and significance of each 
factor. We show that price differences between growers can reach 36% - 47%. In the regression model price differences 
are regressed on explanatory variables that include proxies for flower quality and grower reputation. The model ex-
plains 58% - 59% of the price variability and enables to compare elasticity of price by the studied factors. Subsequent 
ordered probit analysis confirmed the relevance of the chosen variables and their ability to explain also the growers 
clustering by received prices. Analysis of marginal effects shows that changes in the probability of belonging to a spe-
cific price group of growers are consistent with the regression model results. 
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1. Introduction 

There are significant price differences between growers 
for the same flower variety and from the same region 
when agro-climatic conditions, growing technology, and 
sales opportunities are similar. The purposes of this study 
are to: a) examine the value and significance of differ-
ences in prices received by Israeli growers of safari sun-
set (Leucadendron “Safari Sunset”), an ornamental branch 
used in bouquets, on the Aalsmeer Flower Auction (VBA; 
bursa) in the Netherlands and b) to develop econometric 
models and determine the strength and significance of 
factors that may influence these differences.  

Price differences are examined taking into account the 
sources of product differentiation. In the case of perish-
able horticulture and floriculture commodities traded or 
auctioned at a single geographical location, the following 
sources are often examined: a) observable and unob-
servable attributes associated with quality, fruit size, and 
homogeneity, such as in fruits and vegetables in India [1], 
different grades of dates auctioned in Pakistan [2], and 
citrus fruit in Australia where packing costs differ de-
pending on whether the fruit is to be marketed domesti-
cally or internationally [3]; b) the type of market, such as  

whether cut flowers from Uganda are sold in auctions or 
direct markets [4], fruits, vegetables, and cut flowers are 
sold in farmers' markets or grocery stores in Florida [5], 
tomatoes are sold in supermarkets or traditional markets 
in developing countries [6], or vegetables and flowers are 
sold in local stores or in the rural community market in 
Oklahoma [7]; c) trust-based relationships between buy-
ers and sellers, such as fruit and vegetables marketed to a 
supermarket supply chain in Honduras [8], or in Japan, 
where the good reputation of Australian wildflower ex-
porters results in early auction and high prices [9]; and d) 
market timing, whereby early and late season dates receive 
good prices while top quality dates sold during mid-season 
do not [2], and the number of customer transactions varies 
according to the day of the week [7]. 

The above findings reflect the non-homogeneity of 
perishable commodities and market conditions. Goods 
are never identical, and market conditions such as im-
perfect information and buyer/seller relationships lead to 
deviations from the Law of One Price [10]. 

In this article we study two of the above-mentioned 
sources of price differences: quality of flowers and repu-
tation of growers, both of which can be influenced by the  
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grower. The quality of safari sunset flowers involves 
recordable and non-recordable attributes. The length of 
stems is the only recordable attribute that can indicate the 
quality of this ornamental flower while the hue of the 
flower is non-recordable (but observable). There are 
some other observable quality attributes: the shape of 
bud and foliage, their condition, stalk thickness (diame-
ter), etc. Differences in the color and shape of otherwise 
similar flowers can impact the selling price [11]. Similar 
to other agricultural commodities, flower attributes can-
not be entirely observed prior to purchase. For example, 
visually acceptable flowers may have a short vase life, 
resulting in lower consumer satisfaction [12]. 

When auction participants have imperfect information, 
the correlation between price and quality drops and buy-
ers may use the quality of flowers supplied in the past as 
an indicator of present quality. Thus, if buyers believe a 
grower’s flowers to be of high quality, the grower will 
enjoy a good reputation and receive a premium price that 
serves as compensation for his investment in reputation. 

Price premiums for firm-specific reputations and qual-
ity-signaling and empirical evidence of recordable and 
non-recordable quality have been studied for various 
consumer goods ([13-15]). In the study [16], the effects 
of product quality and grower reputation on prices in 
horticultural wholesale markets in Australia are exam-
ined. The impact of reputation makes sense only in an 
imperfect information environment [17]. If product at-
tributes are completely observable prior to purchase, then 
previous production of high quality items would not en-
ter into buyers’ evaluations. If information is imperfect 
and sellers (in auction markets) have a reputation for 
honesty, then markets react in a positive manner [18]. 

Detailed data are used to estimate the strength and sig-
nificance of quality and reputation as factors that influ-
ence flower prices. “Quality of product” and “moment of 
selling” were used to examine prices of carnations in 
Dutch flower auctions and bunch weight and inspection 
remarks were found to be significant factors [19]. Thirty 
features reflecting the visible quality of cut roses from 
South Africa and the Netherlands were used to model 
flower prices on the Dutch Flower Auction in Aalsmeer 
[20]. Reputation was found very important at the Aals-
meer Flower Auction, even when the plants have the 
same quality code [21]. A price-wedge framework was 
used to assess the impact of customs and administrative 
procedures on the quality of cut flowers imported to Ja-
pan. It was found that if the existing non-tariff barriers 
were removed, flowers from growers in other countries 
would be of higher quality and foreign growers would 
obtain premium prices [22]. 

Regression analysis was used to examine the effect of 
seller reputation on on-line auction prices ([23-25]). 

Feedback scores and ratings can be used as proxies for 
seller reputation [26]. In such sales, reputation has a 
small but statistically significant positive effect on price 
[27]. However, reputation indices cannot be applied to 
Dutch flower auctions as there are important differences 
between the two: a) Dutch flower auctions last a few 
seconds while e-auctions last for days; b) multiple sales 
of items of standard quality take place simultaneously in 
Dutch flower auctions while unique goods are often sold 
in e-auctions; and c) seller deception is a major problem 
in e-auctions but absent in Dutch flower auctions. 

In our study primary auction data at the single transac-
tion level is used to analyze price differences between 
growers. In the first step we test the significance of reg-
istered price differences after clustering growers into 
price groups. We suggest explanatory variables for flow- 
er quality and grower reputation, then estimate their in-
fluence on price differences using ordinary least squares 
(OLS) regression analysis. Finally, we examine the rele-
vance of the same quality and reputation variables using 
an ordered probit model. In this model, we explain prob-
ability of belonging of the grower to a specific price 
group identified in the first step of the analysis. 

The unique feature of model design in this study is 
simulating random pairs of transactions from the same 
trade days. This approach enables estimating factors that 
reflect flower quality and grower reputation when the 
impact of other factors (day of week, part of season, etc.) 
is controlled or eliminated. 

2. Safari Sunset Industry 

Safari sunset, a Leucadendron belonging to the Pro-
teaceae family, is found mostly in the southern hemi-
sphere. Commercially cultured varieties, obtained through 
selection and hybridization, require a number of qualities: 
beauty, long stems, disease resistance, long vase life, and 
practical reproduction methods [28]. 

Commercial growing of safari sunset began in the 
1970s, but massive sales began only in the 1990s when 
Israeli farmers began to grow it. The main markets for 
safari sunset are flower bursas in Europe, especially in 
the Netherlands. Approximately 22 million safari sunset 
are sold in Dutch flower bursas yearly; close to 70% are 
imported from Israel. Other major exporters are Ecuador, 
Chile, the Republic of South Africa, and Zimbabwe. Sa-
fari sunset branches are ready for sale in winter, therefore, 
they are gathered in September through April in the 
northern hemisphere and May through August in the 
southern [29]. 

In Israel, the flower industry, particularly ornamentals, 
combines the country’s advantages in climate and know- 
how with global marketing facilities such as the Euro-
pean flower bursas [30]. Safari sunset is produced by 
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private farmers, partnerships, companies, and kibbutz 
farms. A typical farm with a packinghouse has a general 
manager responsible for production, marketing, and sales, 
and a professional manager responsible for agricultural 
techniques, irrigation, harvest, and other field works. The 
Extension Service of the Ministry of Agriculture supports 
farmers from their first inquiry about new crops and 
technologies, through the phases of decision-making, 
planning, and treatment of the crop, to the phases of 
product marketing and sales. Almost all the production is 
exported. Growers receive full support in logistics, legal, 
financial, and informational aspects of export of their 
production. 

study. The data set includes day-by-day data of transac-
tions on the VBA for two seasons. Each transaction is 
identified with a specific grower. Data were collected 
from eight Israeli growers for the 2006-2007 season and 
from nine growers (the same eight plus an additional 
grower) for the 2007-2008 season. Every transaction is 
described by the ID of the seller (grower) and the buyer, 
price in Euro cents per stem, length in cm, quality re-
marks, quantity of branches sold in a single transaction, 
lot from which the sale originated, and time and date of 
sale. Data were collected for 5606 transactions during the 
2006-2007 season and for 4416 transactions during the 
2007-2008 season. In general, flowers from different 
growers were sold on different days and at different 
times, and prices were characterized by high volatility. 
Coefficients of variation were calculated for growers as a 
ratio of the standard deviation from the average price; 
such coefficients ranged 36% - 66%. Prices were rela-
tively higher at the beginning of the season, before 
Christmas, and before Valentine’s Day. Prices during the 
first part of the season (September, October) were higher 
than during the second (November-April), by 54% in 
2006-2007 and 31% in 2007-2008 (Table 1, Figure 1). 

3. Data and Methods 

3.1. How the Dutch Flower Auction Works 

Dutch flower auctions (bursas) are decreasing sequential 
auctions. That is, lots of several thousand flowers with 
stems of the same length are shown to potential buyers. 
The auction starts at an unreasonably high price per 
branch. As the clock ticks, prices fall until a buyer bids 
and acquires the right and obligation to buy the lot or part 
of it. If there are unsold flowers in the lot, the clock is 
reset to a high price and the process is repeated. If the 
clock passes the minimum price, the remaining flowers 
in the lot are destroyed. The procedure is completely 
computerized [31-33]. 

3.3. Clustering Growers into Price Groups 

Are there significant differences between prices received 
by growers? To answer this, we used descriptive statisti-
cal analysis of price data by season to cluster growers 
into price groups. The eight or nine growers in each sea-
son could be divided into two to four groups. After con-
ducting several preliminary tests, we divided the growers 
into three groups for each season and examined the sig-  

Buyers know the name of the grower whose flowers 
are in the lots. Thus, the reputation of growers can be 
important in the pricing of flowers in Dutch bursas. 

3.2. Data 

We use primary not aggregated transaction data in our  

 

Figure 1. Safari sunset prices received by selected growers. 
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Table 1. Price per safari sunset stem in Euro and number of stems sold in the Aalsmeer Flower Auction (Amsterdam), by 
grower. 

 Grower 

 1 2 3 4 5 6 7 8 9 

Season 2006-2007 

September-October 

Average price 0.143 0.134 0.253 0.166 0.156 - - - 0.237

Standard Deviation 0.027 0.028 0.065 0.046 0.008 - - - 0.058

No. transactions 72 20 194 108 10 - - - 281 

November-April 

Average price 0.117 0.137 0.150 0.138 0.154 - 0.121 0.104 0.147

Standard Deviation 0.061 0.071 0.065 0.066 0.071 - 0.051 0.037 0.069

No. transactions 202 435 934 566 667 - 697 160 1,261

Total average 0.124 0.137 0.168 0.143 0.154 - 0.121 0.104 0.164

Season 2007-08          

September-October 

Average price 0.121 - 0.225 0.199 0.187 0.123 0.113 0.113 0.148

Standard Deviation 0.073 - 0.069 0.092 0.067 0.082 0.075 0.056 0.073

No. transactions 97 - 14 170 51 16 804 85 1,102

November-April 

Average price 0.091 0.092 0.110 0.100 0.132 0.098 - - - 

Standard Deviation 0.044 0.046 0.054 0.040 0.074 0.058 - - - 

No. transactions 107 280 706 290 313 381 - - - 

Total average 0.105 0.092 0.112 0.137 0.14 0.099 0.113 0.113 0.148

 
nificance of price differences between groups. Thus, 
three paired comparisons of mean group prices could be 
made. Bonferroni correction is often used in multiple test 
cases. We used the Bonferroni method that enables wid-
ening confidence intervals to reduce an erroneously false 
rejection of a null hypothesis of zero price differences. In 
our case, the desired significance level (α = 0.05) of the 
multiple comparisons was divided by 3 (the number of 
paired comparisons). Then the Bonferroni confidence 
interval was estimated with the t statistic of 0.05 / 3   
0.017 significance level [34]. 

3.4. Influence of Flower Quality and Grower 
Reputation on Price Differences 

To examine the impact of safari sunset quality and 
grower reputation on price differences, the impact of 
other factors (e.g., market opportunities) must be taken 
into account or eliminated. Behavioral factors could be 
eliminated because the Dutch auction method does not 
allow buyers to observe the behavior of other buyers. 
Market opportunity factors include the following: the 
month and date, whether the transaction was completed 
during the beginning, middle, or end of the season, 
whether it took place prior to a holiday, the day of the 

week of the transaction, the quantity of safari sunset sold 
on the same day and one or two days earlier, lengths of 
the flowers sold on the same day, the number and iden-
tity of the day’s buyers, the value of the transaction, sales 
of other ornamental branches that could impact the de-
mand for safari sunset, and the exact time the lot was 
auctioned. To eliminate these factors, we used the model 
in price differences between two chosen transactions. 
Only transactions from the same trade day were com-
pared. Further, we assumed these factors were stochastic, 
and we used a sufficiently large random sample of trans-
action pairs for model estimation.  

To obtain the samples, a transaction was randomly 
drawn using a uniform distribution. Then another trans-
action from the same trading day was randomly drawn. 
These two transactions formed a random pair. After gen-
erating a large number of such pairs we used them as a 
source of data on price differences and explanatory vari-
ables. The price difference was defined as the price of the 
second transaction minus the price of the first transaction, 
plus a constant 1.5 (to ensure its positive value). Its loga-
rithm served as the dependent variable LN (PriceDiffer-
ence) of the model (Table 2).  

We assumed that most of market opportunity factors  
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Table 2. Variables of the price difference model. 

Variable 
Mathematical 

Form 
Hypothesized Sign 
of the Coefficient

Dependent—PriceDifference Logarithm  

Independent   

PartSeason Dummy - 

LengthDifference Linear + 

TransactionQuantityDifference Linear - 

BigBuyersDifference Linear + 

FirstPrice Linear - 

 
were eliminated because randomly sampled transactions 
in every pair belonged to the same trading day. 

To determine quality, we examined difference in stem 
length (LengthDifference) and in number of quality re-
marks made by salespersons as explanatory variables. 
The latter was found insignificant and thus only Leng- 
thDifference remained in the final model. We hypothe-
sized that the coefficient for this variable would be posi-
tive. Other quality attributes include color, shape of bud, 
homogeneity of the flowers in a lot, and vase life. These 
attributes are not recorded in the bursa database but we 
assume they are used by buyers to perceive quality. Per-
ceived quality can be regarded as a main dimension of 
reputation [35,36]. 

The following proxies for grower reputation are in-
cluded in the model: 

a) Difference in “average quantity of stems per trans-
action” (TransactionQuantityDifference); we hypothesize 
that buyers purchase from growers with better reputa-
tions indicated by higher prices. Small quantities corre-
spond to high prices, ceteris paribus;  

b) Difference in “share of stems of the grower bought 
by big buyers” (BigBuyersDifference). We hypothesize 
that large buyers are better experts of grower reputation 
and that repeated interactions exist between large buyers 
and growers. Thus, a greater share of stems sold to large 
buyers suggests a better grower reputation. We defined 
large buyers as those whose share was greater than 2% of 
the total number of purchased safari sunset stems during 
a specific season. The total number of buyers for each 
season exceeded 300, only seven of which were defined 
as large buyers. 

The following variables were found insignificant as 
proxies for grower reputation, and are not included in the 
final model: part of the lots sold in a single transaction, 
number of transactions, number of length sizes, and co-
efficient of variability of the number of transactions dur-
ing the season. 

In addition, we assumed that for every transaction pair  

the price difference was influenced by the price of the 
first grower in the transaction, FirstPrice. The higher the 
first price for a specific transaction pair, the more prob-
able that the price difference for this pair would be posi-
tive. If this control variable were not included in the 
model, the estimated Durbin-Watson statistic would be 
less than its lower critical value, explained by the bias of 
a possibly omitted variable. Thus, FirstPrice was added 
to the model and the coefficient was hypothesized to be 
negative. 

An example of generating random transaction pairs is 
given in Table 3. 

The OLS regression model is written as follows: 

1

2

3

4

5

( )

                      

                      

                      

                      

LN PriceDifference FirstPrice

LengthDifference

TransactionQuantityDifference

BigBuyersDifference

Pa

 









 







 rtSeason u

 (1) 

or, in short: 

( )LN PriceDifference u x β ,     (2) 

where 1 5(1, , , )x x x   is a vector of five explanatory 
variables,  ,0 1, , 5  β   is a vector of the constant 
term and coefficients of the explanatory variables, and u 
is a disturbance term that meets the usual assumptions for 
OLS analysis. 

3.5. Influence of Flower Quality and Grower 
Reputation on Belonging to a Specific Price 
Group 

Do the explanatory variables chosen for the OLS model 
well explain also the clustering of the growers by received 
prices? To consolidate the analysis we employ these vari-
ables in the ordered probit model. We estimate the model 
for the same random sampling of the bursa data as de-
scribed in Section 3.4, and for the same five explanatory 
variables used in the OLS model. We assume that if the 
variables well explain the probability of a grower belong-
ing to one of the identified price groups, then the answer 
to the above question will be positive. For this purpose, 
we gave the dependent variable PriceGroupDifference 
values of –2, –1, 0, 1, and 2, when the index number of 
price group for each of the growers in any transaction pair 
changed from 1 to 3. An example of calculating a Price-
GroupDifference value is shown in Table 3 (the last col-
umn). Ordered probit is appropriate to answer the above 
question because the dependent variable PriceGroupDif-
erence is measured on an ordinal scale. f   
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Table 3. Generating random transaction pairs - example from 9 Oct 2006. 

 Data 

Randomly Chosen  
Transaction 

Price (Euro/Stem) Stem Length (cm)
No. Stems in 
Transaction 

Big Buyers Share (%) Part of Season

Transaction No. 1 0.19 60 647 40.4 1 

Transaction No. 2 0.13 70 596 36.9 1 

Transaction No. …      

 Variable 

Generated Transaction 
Pair 

Price Difference* First Price Length Difference
Transaction Quan-

tity Difference 
Big Buyers Share 

Difference 
Part of Season

Transaction pair no. 1 0.365 0.19 10 –51 –3.5 1 

Transaction pair no. …       

*Calculated as LN(0.13 – 0.19 + 1.5) 

 

2 1

( 0)

                                          ( ) ( )

Prob PriceGroupDifference

 



     x x ，β β
 

The model is written as follows: 

*PriceDifference u x β ,        (3) 

3 2

( 1)

                                          ( ) ( )

Prob PriceGroupDifference

 



     x x ，β β
 where PriceDifference* is an unobserved continuous 

variable that measures the price difference between the 
two growers in a transaction pair,  is a vector of the 
same explanatory variables as in Equations (1) and (2), 

x

β  is a vector of coefficients of the model, and  is a 
random normal distributed variable with zero expectation 
and a standard deviation equal to one unit, a usual as-
sumption in probit analysis. 

u

3( 2) 1Prob PriceGroupDifference ( )     x β , 

where   represents the standard normal cumulative 
distribution function. 

The marginal effect of the explanatory variables on the 
probability is calculated separately for different values of 
the observed variable (formula is given in the Appendix). We find: 

PriceGroupDifference = –2 if *
0PriceDifference   

PriceGroupDifference = –1 if μ0 < PriceDifference* μ1 

... 

PriceGroupDifference = 2 if . *
3 PriceDifference 

Here, 0 1 2 3      , are unknown parameters, 
thresholds to be estimated along with β . 

In the ordered probit model, the probability that Price 
Group Difference takes one of possible values is written 
as follows: 

0( 2)Prob PriceGroupDifference ( )      x β , 

1 0

( 1)

                                           ( ) ( ),

Prob PriceGroupDifference

 

 

    x β x β
 

Searching for additional evidence of the model specifi-
cation, we hypothesized that the ordered probit model 
could confirm the direction and significance of the influ-
ence of the explanatory variables (flower quality and 
grower reputation) on the probability of a grower belong-
ing to a particular price group. This hypothesis is based on 
the above definition of the observed discrete variable 
PriceGroupDifference of the probit model using the con-
tinuous variable  which is the depend-
ent variable in the OLS model (with log transformation). 
The direction of the influence depends on whether the sign 
of the marginal effect is positive or negative, and it differs 
for different values of PriceGroupDifference. The influ-
ence of the other two control variables used in the OLS 
model (FirstPrice and PartSeason) could not be hypothe-
sized because of the discrete character of the dependent 
variable PriceGroupDifference. These control variables 
were kept in the ordered probit model to avoid possible 

*PriceDifference
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specification errors (Table 4). 

4. Results 

Data were analyzed with the SPSS statistical package 
employing procedures REGRESSION (for OLS regres-
sion) and PLUM (for ordered probit analysis). The mar-
ginal effects of the ordered probit model were calculated 
in Microsoft Office Excel. 

4.1. Growers Price Groups 

We began by dividing the growers into three groups and 
testing the significance of differences between the group 
mean prices (Figure 2). In the 2006-2007 season, grow-
ers 1, 7, and 8 comprised Group 1 with the lowest prices 
(0.104 - 0.124 €), growers 2 and 4 comprised Group 2 
with mid prices (0.125 - 0.145 €), and growers 3, 5, and 9 
comprised Group 3 with the highest prices (0.146 - 0.168 
€). In the 2007-2008 season, growers 1, 2, and 6 com-
prised Group 1 (0.092 - 0.110 €), growers 3, 7, and 8 
comprised Group 2 (0.111 - 0.129 €), and growers 4, 5, 
and 9 comprised Group 3 (0.130 - 0.148 €). The division 
was relatively stable from season to season, i.e., no 
grower from Group 1 in the first season moved to Group 
3 in the second, or vice versa. 

Average prices and confidence intervals for each 
group of growers in each season are given in Table 5. 
For both seasons and all pairs of groups, confidence in-
tervals do not intersect. Therefore, we conclude that price 
differences are statistically significant. For Groups 1 and 
2, and Groups 2 and 3, the price was 15% - 28% higher 
in the group with the higher price than in the group with 
the lower. The price difference between Groups 1 and 3 
reached 36% - 47%. 

Clustering growers into price groups obtained in this 
section was used further in the ordered probit analysis.  

4.2. Influence of Flower Quality and Grower 
Reputation on Price Differences 

Results of the OLS model are presented in Table 6. For  

Table 4. Variables of the ordered probit model. 

Variable Mathematical form 
Hypothesized 

sign of the 
coefficient 

Dependent― 
PriceGroupDifference 

Ordinal variable with 
values –2, –1, 0, 1, 2 

 

Independent   

PartSeason Dummy ? 

LengthDifference Linear + 

TransactionQuantityDifference Linear – 

BigBuyersDifference Linear + 

FirstPrice Linear ? 

 

 

Figure 2. Average prices received by single growers and 
groups of growers. 
 

Table 5. Dividing the growers into groups by price. 

 Group of growers 

 1 2 3 

Season 2006-2007 

Average Price, 
Euro/Stem 

0.119 0.141 0.163 

Standard Deviation 0.054 0.066 0.074 

No. Transactions 1131 1129 3346 

Confidence Interval, 95%(0.117, 0.122) (0.138, 0.143) (0.161, 0.165)

Season 2007-2008 

Average price, euro/stem 0.098 0.113 0.144 

Standard Deviation 0.056 0.066 0.075 

No. Transactions 881 1609 1926 

Confidence Interval, 95% (0.095, 0.101) (0.111, 0.117) (0.144, 0.152)

both seasons, all coefficients are significant and their 
signs confirm the hypothesis presented in Table 2, the 
last column. The model explains 57% - 59% of the vari-
ability in price differences. For both seasons, the Durbin- 
Watson statistic is close to 2.12, indicating that the null 
hypothesis (i.e., that there is no autocorrelation of first- 
order residuals) can not be rejected with a 95% level of 
confidence. Since one reason for autocorrelation is in- 
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Table 6. Results of the ordinary least squares model, Equation (1). 

Season 2006-2007 Season 2007-2008 
Variables and Indices Expected Sign 

Estimate Significance Elasticity Estimate Significance Elasticity 

FirstPrice – –0.5965 0.0000  –0.6080 0.0000  

LengthDifference + 0.0007 0.0000 4.0 0.0006 0.0000 3.9 

TransactionQuantityDifference – –1.20E-05 0.0003 –0.5 –2.55E-05 0.0000 –0.8 

BigBuyersDifference + 0.0007 0.0000 1.9 0.0002 0.0065 0.5 

PartSeason – -0.0056 0.0000  –0.0110 0.0000  

Constant  0.4921 0.0000  0.4787 0.0000  

R2  0.5747   0.5903   

Durbin-Watson Statistic  2.1283   2.1252   

No. of Runs  10,000   10,000   

 
correct specification of the model, the results of the 
Durbin-Watson test indicate that the choice of explana-
tory variables for our model was appropriate for the data. 
To be more confident of the unbiasedness of this statistic, 
the correlation between the residuals and the variable 
FirstPrice was measured. This variable is the only one 
measured in level and not in difference (except for the 
dummy variable PartSeason). The Pearson correlation 
coefficient was zero for both seasons with a 95% level of 
confidence.  

The graphical examination of the regression residuals 
versus the fitted values (skipped here) shows that hetero-
scedasticity in the regression is not a problem. The posi-
tive results of the tests for non-autocorrelation and ho-
moscedasticity confirm the regression estimates. 

Coefficients of elasticity, presented in Table 6, are 
calculated for max – min differences in length, average 
transaction quantity, and big buyers share as they are 
shown in the last row of Appendix 2. For example, for 
season 2006-2007 the elasticity of price by BigBuyers-
Difference, when this difference receives a maximal 
value of 27%, is equal 1.9. That is, in this case one per-
cent of increase in Big Buyers share resulted in 1.9 per-
cent increase in price of stem.  

4.3. Influence of Flower Quality and Grower 
Reputation on Belonging to a Price Group 

The results of the ordered probit model are consistent 
with those of the OLS model in inferring significance of 
the studied variables. The coefficients of the three ex-
planatory variables related to flower quality and grower 
reputation are significant, confirming the relevance of the 
chosen variables. Each of the control variables, FirstPrice 
and PartSeason, is not significant in one of the seasons 
(Table 7). 

These results are consistent also with the clustering of 
the growers by received prices. This can be seen from 

examination the marginal effects of the explanatory 
variables that were calculated using Equation (4) from 
the Appendix. The signs of all the marginal effects con-
firm our hypothesis regarding the direction of the influ-
ence of the explanatory variables (Table 4). For example, 
for the 2006-2007 season, the probability that Price-
GroupDifference would increase by 1 as the result of an 
increase of one unit in the variable LengthDifference is 
positive (0.0009). The probability that PriceGroupDif-
ference would increase by 2 for the same increase in 
LengthDifference is also positive, but much lower 
(5.798E-06). This conforms to the economic intuition 
that expects a more probable increase in one rank of 
price than in two. Regarding the expected directions and 
values of marginal effects, similar results were obtained 
for all three explanatory variables of quality and reputa-
tion, for all four non-zero values of the dependent vari-
able (–2, –1, 1, 2), and for both seasons. Total 24 results 
both for directions and for values of marginal effects: 

a) For a random pair of transactions, increase in dif-
ference in a stem length (transaction 2 flowers are longer 
than flowers in transaction 1 results in increased prob-
ability that the transaction 2 grower belongs to the price 
group higher than the price group of the transaction 1 
grower. 

b) The similar conclusion is true for increase in “share 
of stems of the grower sold to big buyers” (BigBuyers-
Difference). 

c) On the contrary, increase in “quantity of stems per 
transaction” (TransactionQuantityDifference) decreases 
the probability that the transaction 2 grower belongs to 
the price group higher than the price group of the trans-
action 1 grower. 

5. Discussion and Conclusions  

Our study confirmed that price differences of safari sun-
et are significant and relatively large, as much as 36% - s 
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Table 7. Results of the ordered probit model, Equations (3) and (4). 

Marginal Effect (ME) When Dependent Variable Is: 
Variable Estimate Significance

= –2 = –1 = 0 = 1 = 2 
Sum of 

ME 

Season 2006-2007 

FirstPrice –0.0041 0.9840 2.1E-06 0.0004 7.5E-05 –0.0004 –2.9E-06 0.0000 

LengthDifference 0.0081 0.0000 –4.2E-06 –0.0007 –0.0001 0.0009 5.8E-06 0.0000 

TransactionQuantityDifference –0.0145 0.0000 7.5E-06 0.0013 0.0003 –0.0016 –1.0E-05 0.0000 

BigBuyersDifference 0.2322 0.0000 –0.0001 –0.0208 –0.0042 0.0250 0.0002 0.0000 

PartSeason 0.1313 0.0000 –0.0001 –0.0115 –0.0029 0.0144 0.0001 0.0000 

Season 2007-2008 

FirstPrice –0.5999 0.0003 0.0404 0.1254 0.0013 –0.1298 –0.0373 0.0000 

LengthDifference 0.0097 0.0000 –0.0007 –0.0020 0.0000 0.0021 0.0006 0.0000 

TransactionQuantityDifference –0.0079 0.0000 0.0005 0.0017 0.0000 –0.0017 –0.0005 0.0000 

BigBuyersDifference 0.1078 0.0000 –0.0073 –0.0225 –0.0002 0.0233 0.0067 0.0000 

PartSeason –0.0097 0.5533 0.0007 0.0020 0.0000 –0.0021 –0.0006 0.0000 

 
47% between different groups of growers. We focused 
on flower quality and grower reputation as the sources of 
these differences. The regression analysis revealed the 
significance of the explanatory variables chosen to proxy 
differences in flower quality and grower reputation— 
LengthDifference, TransactionQuantityDifference, and 
BigBuyersDifference. The significance of BigBuyersDif-
ference has a clear practical implication for growers— 
major safari sunset buyers are of primary importance to 
grower reputation. Elasticity of stem price to each of 
these variables is considerable in both seasons. It is 
worth to note that this is elasticity of price to proxies of 
quality and reputation, and it does not express the impact 
of expenses required to improve flower quality and 
grower reputation. Elasticity of price by expenses can 
differ considerably from that calculated in our study. 
Additional research is needed for estimating elasticity by 
expenses. 

Our results are similar to those observed in previous 
studies that used different models. In a price regression 
model where a subset of grower dummy variables was 
considered as indication of grower reputation, the effect 
of reputation was very small [33]. Likewise, in an earlier 
version of our model, where grower dummy variables 
were used instead of the proxies TransactionQuantity-
Difference and BigBuyersDifference, the dummy vari-
ables were insignificant. In a study of houseplants sup-
plied by two or three “large” growers to the Aalsmeer 
Flower Auction, the identity of the grower “seems to 
have a large impact on the price per unit” for two of three 
varieties [21]. 

The importance of product quality and farm reputation 

for cut-flower prices in European auctions is discussed in 
studies from developing countries in east Africa [37] and 
Ethiopia [38,39] both of which entered the cut flower 
market relatively late. The models presented in our study 
may be relevant to growers from these regions. As Helm- 
sing and Melese note, the flower auction offers the op-
portunity to sell globally and build up reputation [39]. 

Further study of the influence of flower quality and 
grower reputation is needed because of the implementa-
tion of online product representation and screen auction-
ing at flower auctions. These advancements may increase 
the influence of reputation on prices. To measure such 
influence more directly, specific reputation indices of 
growers could be created. 
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Appendix 1. Derivation of Marginal Effects in the Ordered Probit Model. 

Marginal effects are the changes in the observable vari-
able PriceGroupDiference that would occur when there 
are marginal changes in the variables that explain Price-

GroupDiference. Marginal effects are calculated as fol-
lows: 
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For the dummy variable PartSeason, the effect of a 

discrete change from zero to one for every specific value 
k of the dependent variable is calculated as the difference 
etween the probabilities of two events: PriceGroupDif-

ference equals k for  and for PartSeason 
= 1 when all other variables are fixed at their sample 
means [40,41].

b  

0PartSeason 

 
 
 
   
Appendix 2. Statistical Summary of Variables. 

Length Range, cm Average Transaction Quantity Big Buyers’ Share 
Grower 

2006-2007 2007-2008 2006-2007 2007-2008 2006-2007 2007-2008 

1 40 - 80 50 - 90 596 715 8.6% 23.5% 

2 40 - 90 40 - 90 718 689 14.0% 26.4% 

3 50 - 100 50 - 100 724 745 34.8% 29.0% 

4 50 - 90 50 - 90 647 621 18.5% 21.6% 

5 55 - 100 40 - 100 568 476 18.8% 19.7% 

6 - 40 - 100 - 684 - 22.0% 

7 50 - 90 50 - 100 857 732 19.0% 25.2% 

8 60 - 80 60 - 80 947 785 15.5% 43.3% 

9 40 - 100 40 - 100 636 623 25.6% 16.6% 

min value 40 40 568 476 9% 17% 

max value 100 100 947 785 35% 43% 

max-min difference 60 60 379 309 26% 27% 
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