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1  Introduction

Advertising letter mail competes for marketing budgets against a range of different 
media types. Since the early 2000s, its share of total advertising expenditure in the 
UK declined by approximately half to account for less than a tenth by the end of 
2018.1 However, advertising mail remains an important component of UK letter 
volumes, accounting for over three billion items and around a third of addressed 
inland letters in 2018. A number of factors impact the demand for advertising let-
ters, some outside the control of postal operators and decision-makers (such as eco-
nomic conditions and advances in new technology), but price is a factor that can 
influence demand. Here we investigate advertising price elasticities using a rich 
source of UK customer data.

Senders of advertising mail in the UK tend to be large mailers who can choose 
among several types of advertising letter products that differ in format type, speed 
of delivery, and level of sortation.2 Furthermore, customers can choose a Royal Mail 
end-to-end advertising retail product or a network access service offered by com-

1 Estimates informed by figures from various World Advertising Research Center (WARC) 
Expenditure Reports.
2 For example, to use a Royal Mail advertising mail product, a customer needs to mail a minimum 
of 1000 letters or parcels, and parcels or 250 large letters.
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petitors that handle the upstream elements of a postal operation (in particular, 
 collection, sortation, and trunking services) and then pay Royal Mail an access price 
per item to deliver letters to recipients.

Within such an environment, this study uses a large panel of Royal Mail retail 
customers to estimate advertising price elasticities and provide some new insights 
to the postal economics literature. In particular, this chapter extends our estimation 
of price elasticities reported in Fève et al. (2018) for advertising letters in the UK 
using a large panel of customers. In our previous paper, elasticities at the intensive 
margin were estimated by restricting data to effective customers of each product, 
i.e., those consuming a positive quantity of a product. There are many customers, 
however, who do not consume every type of product in each period (around 95% of 
observations are zero), and this likely affects the estimation of elasticities. In order 
to take this into account, this paper estimates price elasticities at the extensive mar-
gin by analyzing the customer’s binary response to consume, or not, each product 
when prices change. Our model provides both own-price and cross-price elasticity 
estimates at the intensive margin and at the extensive margin. We use a data set 
covering Royal Mail addressed retail advertising customers over the period 
2011–2017 to estimate price elasticities that take into account customer characteris-
tics such as sector and firm size.

Section 2 describes the data and estimation methodology for modelling price 
elasticities at the intensive and the extensive margins. Section 3 contains results. 
Section 4 provides a summary and conclusion.

2  Modeling Demand for Advertising Traffic

The econometric analysis, whose results are reported in this chapter, uses a rich data 
set of Royal Mail retail customers, to estimate price elasticities for addressed letter 
advertising traffic. The individual customer data were grouped into eight product 
categories (m = 8), consisting of two sortation levels (low and high sort), and two 
speeds of delivery (second class and economy), for each of two letter format sizes 
(standard and large).3 Information was available for 2640 (=  n) retail addressed 
advertising customers, for the period July 2011 to September 2017, and the data 
were aggregated on a quarterly time period basis, t. The customers contained in this 
data set accounted for almost a quarter of all addressed advertising sent in the UK 
over the time period examined. We excluded customers solely sending advertising 
mail via access operators over the entire period of the analysis, as these customers 

3 It would have been possible to differentiate product categories further, for example, by machine-
readable font type or eco-friendly paper envelopes. However, Royal Mail product managers, in the 
first instance, tend to differentiate addressed advertising letters by speed, sortation, and format 
level, and this product grouping categorization was adopted. A further point to note is that custom-
ers infrequently send a relatively very small number of First-Class sorted advertising letters which 
have been excluded from this analysis.
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could not be identified. Furthermore, we do not have data on mail sent via access 
operators for the customers included in the database. Nonetheless, we condition the 
following analysis on the price of access products.

Price elasticities of letter demand are derived from the function relating letter 
traffic volumes, denoted by Qijt, sent by different customers, each denoted by i, for 
different types of letter mail products, denoted by j, during a quarter denoted by t, 
and the level of prices charged to send mail, denoted by p, and environmental exog-
enous variables denoted by X. Where data are available on these variables for n 
customers during T periods, the demand function is written as:

 
Q f P X u i n j m t Tijt ijt ijt ijt= ( ) = … = … = …, , and .1 1 1, , , , , , ,

 (1)

where u is a random error term
It is unlikely that customers use every product type at every time period. The set 

of observations for which demand, Qijt, is positive constitutes fewer than 4% of the 
total number of observations.4 Note however that:

 E Q p X E Q p X Q Q pijt ijt ijt ijt ijt ijt ijt ijt ijt| |, |, |, , ,Pr( ) = >( ) >0 0 XXijt( ), 
so that effects of prices are the composition of effects on expected demand when 
demand is positive and on the probability that demand is positive. Elasticities refer-
ring to the first term on the right-hand side are describing what happens at the inten-
sive margin, while the effects referring to the second term are describing the 
extensive margin. 

In our previous work (Fève et al. 2018), we estimated elasticities of demand at the 
intensive margin by considering only positive observations. In this paper, we first 
revisit the estimation of elasticities at the intensive margin and extend this analysis by 
estimating cross-price elasticities relative to a substitute, access products, to retail 
advertising letters.5 We then turn to the estimation of elasticities at the extensive mar-
gin. Those elasticities reflect competition with access advertising mail, which is 
clearly a direct substitute, and competition with other media. Evidence on the latter 
comes from two sources: firstly, direct customer information on reallocating budgets 
to other media (mainly digital) and, secondly, via econometric studies; see, for exam-
ple, Veruete-McKay et al. (2011). Note however that, for the extensive margin, our 
estimates refer to the population of customers, having at least one positive demand for 
one product category during this period. We nevertheless control for “entry” and 
“exit” of these customers from any of these product markets over this period.

4 The main reason for the relatively low number of non-zero observations is that customers do not 
simultaneously consume all eight product categories at each point in time. That is, customers do 
not send addressed advertising mail containing all levels of sortation, all speeds of delivery, and all 
format types in every three months of the year.
5 Access products are collected and sorted by upstream competitors to Royal Mail, as well as some 
very large customers, who then transport it to a Royal Mail inward mail center prior to Royal Mail 
delivering it to its final destination.
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2.1  Intensive Margin

A traditional parametric econometric approach was used to estimate the demand 
function (1) using log-linear models in the 4% sample of observations with positive 
values, similar to Fève et al. (2018), and took the following form:

 

ln ln ln ln lnQ p size p sizeijt ijt i ijt i

k

( ) = + ( ) + ( ) ( )( ) + ( )( )
+
α β γ
δ

1 γ
ddsector dproduct dtimek j j t t ijtv+ + +λ µ

 
(2)

Our enhanced specification introduces the price of access letter products (pa) in 
logs to estimate the cross-price elasticity of access and retail and takes the 
following form:

 

ln ln ln ln lnQ p pijt ijt i ijt i k( ) = + ( ) + ( ) ( )( ) + ( )( ) +α β γ δ1 size sizeγ ddsector

dproduct dtime

k

j j t t jt ijtpa v+ + + ( ) +λ µ ζ ln
 

(3)

with some variables, such as letter mail volumes (Q), retail mail prices (p) access 
prices (pa), and customer size, are in logarithmic form denoted by ln( ). Other envi-
ronment variables, Xijt, comprise three sets of dummy variables that account for 
sectoral heterogeneity of senders – dsector, describing 10 (= k) sectors – for differ-
ences in products (dproduct), and time effects (dtime),  to capture the impact of 
macroeconomic variables, e-substitution, and other external events. We do not allow 
for any dynamic impact of prices as the presence of adjustment costs or habit forma-
tion is unlikely or negligible.

We allow for heterogeneity in price responses of customers by including an inter-
action term between prices and customer size (size) in logarithms. This means that 
the own-price elasticity varies by customer size and is equal to β + γ1ln(size) as 
derived from expression (3). For simplicity, variable size is measured by the devia-
tion of the number of employees of the customer, with respect to the sample aver-
age, as the price elasticity for the mean customer can be thus read as β.

The coefficient of the logarithm of access price, ζ, directly reads as the cross- 
price elasticity for the mean customer. A note of caution is in order since this price 
is the compensation set by Royal Mail and does not include the relatively small 
mark-up added by access providers, as customer feedback on contracts lost to access 
operators indicate.

Furthermore, we use a logarithmic form for this equation for simplicity. This is 
the most common way of estimating elasticities in samples in which quantities are 
positive since the error term is unbounded from below.

There are still three technical issues. First, we assume that the error term is mean 
independent of regressors and therefore an absence of selection bias. Given the rela-
tively small number of selected observations and the absence of any valid exclusion 
restrictions, it is difficult to envision how to deal with selection issues without strong 
functional form assumptions. We then assume away selection issues although this 
assumption could be questioned and potentially examined further in the light of a 
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richer data as an extension to this chapter. This assumption can be justified by using 
the literature on the infrequency of purchases dealing with purchases of customers 
at (conditionally on regressors) infrequent times (see Deaton and Irish 1984).

Second, the technical appendix shows that the logarithmic specification does not 
affect the estimation of mean elasticities that would be obtained by modeling this 
equation in levels, provided that the error term, vijt, is independent of regressors 
instead of being mean independent only. The constant term, using a logarithmic 
form, might be biased but not mean elasticities as described by Eq. (1).

Third, ordinary least squares (OLS) estimates of Eq. (3) are likely to be biased, 
however, since customer prices for a specific letter product for each quarter, pijt, 
were derived by dividing customer revenue data, Rijt, by the corresponding volume, 
Qijt. Measurement errors affecting volumes will impact prices and introduce a spuri-
ous correlation between the left-hand side variable and the right-hand side variables 
(see, for instance, Borjas 1980). Furthermore, Royal Mail used price discounts to 
incentivize customers to mail additional volumes (e.g., “incentive for growth 
schemes”) that are also probably positively correlated with volumes. To correct for 
endogeneity, we use 2SLS estimation techniques and the standard rate card price, 
pijt

0, as an instrument. It affects prices pijt and is excluded from Eq. (3).
The estimation proceeded as follows. Firstly, an instrumental variable auxiliary 

equation was estimated by regressing the endogenous variable ln(pijt), the price paid 
by firms; on the rate card, ln(pijt

0); the Royal Mail pre-announced publicly published 
price6; and on any other variables appearing in model (3). Second, instead of replac-
ing the endogenous variable by its predictor, derived from the instrumental equa-
tion, two-stage least squares (2SLS) estimates were obtained, by the equivalent 
procedure of including residuals from the instrumental variable equation (see 
Davidson and MacKinnon 2004). We estimate by OLS the augmented regressions:

 

ln ln ln ln lnQ p pijt ijt i ijt i k( ) = + ( ) + ( ) ( )( ) + ( )( ) +α β γ γ δ1 size size ddsector

dproduct dtime size p
k

j j t t ijt i ijtu u+ + + + ( ) +λ µ ψ ϕ ζˆ ˆln ln aa( ) + vijt  
(4)

in which ûijt  is the residual constructed from the instrumental regressions in each 
sector with ln (pijt) as the dependent variable, and as explanatory variables, all 
variables (except price) included in model (3). 

2.2  Extensive Margin

The structure of the data is such that quantities are equal to zero and prices are miss-
ing whenever product j is not consumed by firm i during quarter t. There are many 
zeros in the data (more than 95%) and this is likely to affect the estimation of price 
elasticities.

6 The price paid by large senders of advertising mail tends to be subject to competitive tenders and 
can differ to the standard rate card price publicly available at the time.
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In this section, we take into account the effect that prices have on the binary 
variable, describing whether each firm reports consumption of product j at time t, or 
not. We consider the full sample of firm-product-quarter and we write:

 

Q p z v

Q

ijt ijt ijt z ijt

ijt

> + + >

=







0 0

0

0if

if not,

ln ,γ

 

(5)

in which, pijt
0 , denotes again the rate card price, assumed to be exogenous to indi-

vidual firm actions since it is determined in advance by Royal Mail at the market 
level. We use the same exogenous shift variables as in model (3) above. Such that 
variables zijt are dummies for products, sectors and time (quarters), as well as the 
logarithm of access prices, ln(pa), customer size, ln(sizei) and its interaction with 
log prices,  ln lnsize pi ijt( ) ( )( )0 . Errors, vijt, are assumed to be normally or logisti-
cally distributed so that parameters, γ and γz, are estimated by parametric methods 
such as Probit or Logit.

For Probit we can write:

 Pr ln ln,Q p z p zijt ijt ijt ijt ijt z>( ) = +( )0 0 0| Φ γ γ  

in which Φ is the cumulative distribution of the normal.
Taking a step back, note that the full average elasticity at both intensive and 

extensive margins is equal to: 

 

1
0

0

0E Q p z

E Q p z

p
ijt ijt ijt

ijt ijt ijt

ijt|

|

log

log

log
,

,

,( )
∂ ( )

∂
,

 

which, in turn, is equal to the composition of elasticities at the intensive and exten-
sive margins7:

 

ε γ
ϕ γ γ

φ γ γi

ijt ijt z

ijt ijt z

p z

p z
Intensivemargin

Ex

� +
+( )
+( )

ln

ln

0

0

ttensivemargin
� ���� ����

 

(6)

In which εi is the estimated average own-price elasticity obtained using Eq. (3). To 
obtain this result, we assumed that the derivative of the true log prices underlying 
the observed log prices, ln(pijt) with respect to ln(pijt

0 ) is equal to 1. This is how we 
can make both elasticities at the intensive and extensive margin comparable. 
Hypotheses postulating other values of the elasticity of true prices to the rate card, 
set by Royal Mail, can also be considered.

7 A technical appendix detailing these computations is available upon request from the authors.
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Returning to the estimation of the elasticity at the extensive margin, we use 
generalized estimating equations in panels (Liang and Zeger 1986) and allows for 
different within-customer correlation structure over time. More specifically, we use 
the setting of Pan (2001), as updated by Hin and Wang (2009), for selecting the best 
covariance structure.

3  Estimated Price Elasticities for Retail Addressed 
Advertising Mail

In this section, we report estimation results on models (3) and (5) and in particular 
estimates of average elasticities at the intensive and extensive margins.

3.1  Intensive Margin

Table 1 reports the estimated coefficients for the price effects and their respective 
standard errors for models (2) and (3), and the appendix contains further informa-
tion on estimates. Recall that model (2) was estimated by Fève et al. (2018), and 
results are reported for the purpose of comparing them to our new results when we 
estimate cross-price elasticities as well. We therefore focus on the estimates of 
model (3) which suggest that retail advertising customer price elasticities tend to 
increase in absolute terms with customer size and that the average elasticity is 
around −1.15 (95% confidence interval, [−0.76, −1.55]). It is a significantly larger 
elasticity than the one obtained when we omit the log-price of access products (e.g., 
model 2) even if the 95% confidence intervals overlap. A possible specification test 

Table 1 Retail addressed advertising mail estimated price elasticities at the intensive margin

Model (2) Model (3)
Coefficient Standard error Coefficient Standard error

Estimated aggregate own-price elasticity (β) 
varies by customer size (γ)

Estimated aggregate own-price elasticity (β) 
varies by customer size (γ)
Estimated aggregated cross-price elasticity (ζ)

β = −0.71∗∗∗ (0.21) β = −1.15∗∗∗ (0.20)
γ = −0.06∗∗∗ (0.01) γ = −0.06∗∗∗ (0.01)

ζ = 1.50∗∗ (0.42)
No. of obs. 34,075 F(45, 

34,029) = 383.5
No. of obs. 34,075 F(47, 

34,027) = 368.7
R2 = 0.34 Prob > F = 0.0000 R2 = 0.34 Prob > F = 0.0000
Adjusted R2 = 0.34 RMSE = 1.3191 Adjusted R2 = 0.34 RMSE = 1.3182

Notes: ∗Denotes statistically significant at 10% level, ∗∗at 5% level, and ∗∗∗at 1% level
Figures in parenthesis are standard errors for price coefficients
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between the two models is obtained by testing the absence of significance of the 
latter price, and this hypothesis is strongly rejected – its Student t-statistic is equal 
to 3.57. The cross-price elasticity is significantly positive and quite large although 
the 95% confidence interval is quite wide ([0.66, 2.34]). The reason why the omitted 
variable bias in model 2 goes in the direction of a lower elasticity is likely to be that 
access and retail log-prices are positively correlated over time. The omission of the 
access log-price in model 2 therefore upward biases (i.e., makes it less negative) the 
coefficient of the retail log-price.

This colinearity issue, due to correlation of prices over time, also affects the 
estimated relative magnitude of the own- and cross-price elasticities. Note that since 
we estimate a single demand function for retail traffic, Slutsky cross-equation 
restriction with respect to access traffic cannot be estimated and tested.8 However, 
the property that demand is homogeneous of degree zero in prices implies that the 
sum of the impact of own-price and cross-price elasticities on demand should be 
equal to zero. In our case, the estimated cross-price elasticity is larger, in absolute 
value, than the estimated own-price elasticity and with a different sign. The higher 
absolute cross-price elasticity is likely to reflect two factors: firstly, the much higher 
level of expenditure on access advertising letters relative to retail traffic and, sec-
ondly, the presence of multi-colinearity between access and retail prices. Formal 
testing does not reject the hypothesis that the combined impacts of the retail own- 
and cross-price elasticities are equal and opposite in magnitude at the mean point 
(Student statistic equal to 1.10). Furthermore, the homogeneity property applies to 
all prices that affect firm production, and not only retail and access prices, so that 
even if the property was rejected, the evidence would be fragile. Nonetheless, via 
Slutsky restrictions, we can say that the corresponding cross-price elasticity for 
access traffic  – which is unobservable at the customer level in our data  – could 
potentially be around a third of our estimated retail cross-price elasticity because of 
the higher level of expenditure in access traffic (approximately three times retail 
expenditure). If this were the case and this cross-price elasticity were, say, 0.5, then 
as long as the access own-price elasticity was ≤−0.5, total advertising letter demand 
would not increase as access prices increased.

The results reported in Table 1 also indicate that, in general, larger firms tend to 
be more price sensitive than smaller firms. This may be due to the greater flexibility 
that larger firms have with respect to access to other media advertising channels, 
such as digital or television. The demand elasticity εi, at the intensive margin, is 
estimated to be a function of customer size (measured by the number of employees 
of the organization sending mail), and the formula is εi = −1.15 – 0.06 ln(size). 
On average, the estimated price elasticity for a relatively small company (say 20 
employees) is equal to around −1.10 and for a very large firm (say, more than 2000 
employees) around −1.38.

8 Unfortunately, we do not have data on customers who switch from sending advertising mail via a 
Royal Mail retail product to an access operator service, and therefore we cannot directly estimate 
access customer cross-price elasticities.
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3.2  Extensive Margin

We fit generalized estimated equations (Liang and Zeger 1986) to estimate Eq. (5). 
We specify different within-product and customer correlation structures over time 
although we always assume independence between groups – i.e., at the product- 
consumer level. More specifically, we allow for different flexible time-varying cor-
relations (unstructured or stationary with 20 lags) and less flexible structures like an 
autoregression structure (ar 1) or full independence over time. All estimates are 
consistent (Avery et al., 1983). Detailed results are reported in Table 2.

Results vary considerably with the correlation structure adopted. In particular, 
own-price elasticities vary from around −0.5 to −1 for unstructured and stationary 
correlation; −1.6 to around −2 for the AR 1; and −3 to −5 under independence.

A model selection procedure is therefore required to choose among these differ-
ent estimates. Pan (2001) proposed such a procedure by using a quasi-likelihood 
information criterion (QIC) generalizing Akaike’s. Hin and Wang (2009) refined 
this procedure for covariance structure selection by proposing another criterion, 
dominating QIC that they named, correlation information criteria (CIC). This statis-
tic is reported in Table 2.

Unambiguously, minimizing CIC favors the selection of the results in the first 
column of Table 2 and indicates that the best estimates are obtained under a general 
unstructured correlation structure. However, it is noticeable that the standard errors 
for the own-price elasticities are quite large, and the estimated coefficients for the 
own-price elasticities are not statistically significant for either the Probit or Logit 
estimates. These large standard errors are related to the flatness of the CIC values 
which indicates that selecting the best model – across which elasticities vary – may 
be a close call. Cross-price elasticities are positive as expected, given the large sub-
stitutability between retail and access products. They are of the same magnitude as 
the own-price elasticities but they are highly significantly different from zero. Given 
the strong correlation between rate card and access prices, it is not unlikely that 
multi-colinearity is impacting the identification and precision of estimates for both 
elasticities.

3.3  Full Price Elasticities: Adding Margins

As shown by Eq. (6), the full elasticity is the sum of elasticities at the intensive and 
extensive margins. The elasticity at the intensive margin is estimated using a condi-
tional model, while the elasticity at the extensive margin is estimated using a mar-
ginal model; these two estimates are independent and can be easily composed. 
Nonetheless, as mentioned above, we use different prices when computing elastici-
ties at the intensive margin (the price effectively paid by the customer) and elastici-
ties at the extensive margin (the rate cards set by Royal Mail). The relationship 
between these two prices is likely to vary on a near one-to-one basis such that the 
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full elasticity can be approximated by adding up the two-price terms (the intensive 
and extensive margins) as in Eq. (6).

Under this assumption, Table 3 reports the full own-price elasticity to be around 
−2 for Probit and Logit with a standard error around 1 and therefore significant at 
the 5% level. This estimate is somewhat higher in absolute terms than those esti-
mated in some other studies. In particular, Veruete-McKay et al. (2011) estimate 
own-price elasticities for direct mail in the UK to be in a range from −0.7 to −1.4 
and Bzhilyanskaya et al. (2015) estimate USPS advertising own-price elasticities to 
be around −0.9.

The full-cross-price elasticity is estimated to be approximately around 3.4 with a 
standard error equal to 0.45, which makes it highly significant, and suggests that 
Royal Mail retail advertising products and competitor access products are inten-
sively competing against each other. It is difficult to assess whether the extent of this 
competition is greater or less than in elsewhere as we are not aware of any other 
studies to directly compare our estimated cross-price elasticity effects. For example, 
Bzhilyanskaya et al. (2015) estimate much smaller advertising cross-price elastici-
ties for competing product ranges, but it is not clear if these are for similarly close 
substitutes.9

4  Conclusion

In this paper, we have advanced and improved upon the conclusions of Fève et al. 
(2018) concerning the estimation of own-price elasticities of advertising letter traf-
fic, in two directions. We first assessed the importance of including substitutable 
letter products, in particular access products. We found that, indeed, cross-price 
elasticities are significant, and the omission of such prices of substitutes biases 
downward own-price elasticities. Second, we estimated elasticities at the extensive 

9 For example, advertising cross-price elasticity estimates with respect to First-Class Mail and 
Periodical lie in the range 0.1–0.2 and are substantially lower than estimates reported in Table 2, 
possibly reflecting the fact that the USPS product groups contain mails that, in general, are used 
for different purposes.

Table 3 Full price elasticities Elasticity Standard error

Logit

Own-price −2.26 (0.94)
Cross-price 3.96 (0.67)
Probit

Own-price −2.06 (1.02)
Cross-price 3.69 (0.61)

Figures in parenthesis are standard errors for 
price elasticities
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margin by using the binary decisions of all customers to consume or not each 
product over the entire sample period. Our results showed that these elasticities are 
sizeable but somewhat imprecisely estimated. An avenue for further research, which 
may help to improve on these results, is to examine the potential implications of any 
customer selection bias using, if possible, a richer data set.

In conclusion, we leave postal operators and policy makers with the following 
thoughts to help guide and inform future decision-making with respect to advertising 
mail: when taking into account factors impacting customers effective purchases 
(i.e., their intensive margin price elasticity impact) and assessing whether to 
purchase or not (their extensive margin price elasticity impact), advertising mail 
own- price elasticities are likely to be high (possibly around −2  in the UK) and 
competition with respect to close substitutes intense.
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