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     Abstract: This paper investigates the factors that influence the value for the users of the Portuguese electronic scientific information consortium b-on (Biblioteca do Conhecimento Online). In order to be able to estimate this value in monetary terms we used the contingent valuation method based on a willingness to pay scenario. Data was collected through an e-survey sent to the whole Portuguese academic users. 

The main aims of this study are: (i)  to investigate how the Portuguese academic community values b-on; (ii) to investigate the set of factors that determine whether the user is willing to pay the b-on services which allows us to estimate the demand function of b-on services.  In order to achieve these objectives we use several regression analysis techniques – linear probability model (LPM), Logit and Probit  models. 

The results show that the demand for b-on services is quite sensitive to the «price», frequency of use, whether the user knew previously b-on or not, the type of the user and the scientific area of the user.
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1. Introduction

At present, the world is in a global economic crisis, in all developed countries there are several kinds of economic problems. Most public institutions are under increasing pressure on your own budgets. Portuguese researcher and academic institutions are no exception and it is urgent to study the problem of the academic libraries, the cost and the benefits of its services.

Nowadays the Portuguese electronic scientific information consortium b-on – Biblioteca do Conhecimento Online provides unlimited access to research and academic institutions to the full texts of more than 16,750 scientific publications, via Internet, at the national level (FCCN, 2009).

The Portuguese Government has been investing to improve the access to the production of knowledge so as to develop the country. It is important to know the return on the investments in university libraries. The purpose of this study is to identify the impact of the electronic sources in the Portuguese academic libraries. 

This paper explores some issues, they are the following: (i) to investigate how the Portuguese academic community values b-on; (ii) to investigate the set of factors that determine whether the user is willing to pay the b-on services which allows us to estimate the demand function of b-on services. We consider the following factors: the price, the frequency of use, whether the user knew previously b-on or not, the type of the user, the scientific area of the user, and the institution of the use. In order to investigate these problems we use regression analysis techniques - Linear probability model (LPM), Logit and Probit models.The remainder of this paper is organized as follows: in Section 2 we present the methodology used.  Section 3 presents and discusses the results. The final section concludes the paper.

2. Methodology
Murgai and Ahmadi (2007) refer the studies of Tenopir, from 1991 to 2000, and argue that “her findings indicate that libraries have adopted digital information sources and services at an accelerated rate due to availability of internet, in particular the World Wide Web.” The digital resources have changed the services of the academic libraries. These authors emphasise the need to keep and report statistics for accreditation and comparison purpose still remains.

According to Noonan (2003) “contingent valuation methodology (CVM) has been increasingly applied to cultural resources” and thus it is a natural candidate to estimate the monetary value of library services. In fact, in the last decade, some authors have used the contingent valuation method for monetary valuations of libraries’ services (Holt, G.E.; Elliott, D. and Moore, A., 1999; McDermott Miller, 2002; Morris, A.; Sumsion, J. and Hawkins, M., 2002; Holt, G.E. and Elliott, D.S., 2003; British Library, 2004; Barron et al., 2005; Aabø, 2005a; Morris; Ayre and Jones, 2006; Elliott, D. S. et al., 2007: Hider, 2008) e.g. of public libraries, (Harless and Frank, 1999) academic libraries, (Chung, 2007) and special libraries.

In the last decade, some of the libraries evaluation has applied regression models for demonstrating the impact of the academic libraries services. Logistic regression analysis has been used to study some libraries issues, for instances: to predict the relevance of a library catalogue search in University of Californias’ Melvyl online catalogue (Cooper and Chen, 2001); to reflect the relationship between library collections and the prestige of universities (Liu, 2003); to study users’ emotional and material satisfaction at micro/macro levels in an academic library (Yu, 2006); to predict the number of patrons that seek assistance at the reference desk of a  library from the University of Tennessee (Murgai, Ahmadi, 2007)  and  to study the use and non-use of public libraries in the information age (Sin and Kim, 2008). We emphasise the studies of Aabø (2005b) in a research of valuing the benefits of the Norway public libraries, based in a contingent valuation, studied how citizens value these services and presented several measures of average valuation including estimations with the standard logistic distribution function. 

In a previous research (Melo and Pires, 2009) we estimated the economic value in monetary terms for end-users of the services provided by the electronic scientific information consortium b-on. In order to estimate the monetary value for the end-users of the services provided by b-on we use two alternative valuation methods.  On the one hand we estimate the value of the time saved by using this resource.  On the other hand, we use the contingent valuation method (CVM) to estimate how much the user is willing to pay for the service.  The data was collected through study an e-survey of Portuguese academic community.  In this study we are going on our investigation with the same data.

In our study we would like to explain patterns behaviours based on regression models.  We want to study the willingness to pay (WTP) of the b-on users as a function of the frequency of use, whether the user knew previously b-on or not, the type of the user, the scientific area of the user, and the institution of the user. Hence, the dependent variable, the willingness to pay, can take only two values: 1 if the user wants to pay some per month to continue having access to the services of b-on and 0 if the user does not want to pay to continue having access to the services of b-on. A feature of this dependent variable is the type that elicits a “yes” or “no” response. In this case the dependent variable is dichotomous. There are three most commonly used approaches to involve dichotomous response variables:  Linear probability model (LPM); Logit model and Probit model.
2.1. Regression models for the probability of paying to access the services of b-on

Linear Probability Model (LPM)

We can equate Linear probability model (LPM) considering the following (Wooldridge, 518:2007):
           (1) 

Where:

The dependent variable y is dichotomous (y =1 if the user want to pay something to access to the b-on service and y =0 if the user does not want to pay to access to the b-on service);

The independent variables are 
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  , such as; the frequency of use, whether the user knew previously b-on or not, the type of the user, the scientific area of the user, and the institution of the user; and,

The function G must lie between 0 and 1, i.e. 0<G(z)<1 and
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Gujarati (576:1995) affirms that Linear probability model (LPM) is simple and it has several limitations, for instances, this model assumes that the conditional probabilities increase linearly with the values of the explanatory variables, for instances, the probabilities will tend to tapper off as the values of the explanatory variables increase or decrease indefinitely. This author says that “in group data, Logit and Probit estimates are fairly straightforward.”

Logit model

Wooldridge (518:2007) explains that the standard logistic distribution function G is the following:

                                 (2)
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Where G is distribution function, when 
[image: image3.wmf]y

 is, for example, the value that 
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a person places on b-on (Portuguese electronic scientific information consortium), might contain various individual characteristics, such as, frequency of use, whether the user knew previously b-on or not, the type of the user, the scientific area of the user, and the institution of the user,
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 are parameter estimates to be calculated. The logistic regression is a useful way of describing the relationship between one or more outcomes expressed as a probability, that has only two possible values such as (yes=1 and no=0). 

In the Logit model the magnitudes of the regressors on the dependent variable are difficulty interpretations and they are not useful (comparing to the linear probability model). Many researchers prefer to estimate the effect of 
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. To compute this effect we must obtain the partial derivate (Wooldridge, 2003).

Li and Mahendra (2009) explain that the “marginal effects measure the expected instantaneous change in the dependent variable as a function of a change in a certain explanatory variable while keeping all the other covariates constant.”

To find the marginal effects of roughly variables on the response probability we must calculate the partial derivate (for more details see Wooldridge (556:2003)), for instance:
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Probit model

 Wooldridge (519:2007) refers that in the Probit model the standard normal cumulative distribution function G is:
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Where 
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 (z) is the standard normal density:
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And 0< G(z)<1, when G(z)
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As we mentioned above, for the Logit model, it is similar for this model - the magnitudes of the regressors on the dependent variable are difficulty interpretations.

The marginal effects of roughly variables on the response probability is the partial derivate:

                                           
[image: image16.wmf]i

k

k

i

i

x

x

dx

dP

b

b

b

b

f

)

...

(

1

1

0

+

+

+

=

                                    (6)

For large samples the 
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 coefficients are similar when we use models Logit and Probit to estimate them. The Probit model is specific for a binary response, for example problems that have only two possible outcomes which we will denote as yes=1 and no=0. 

2.2 Data Collection

The data was collected through an electronic questionnaire. The questionnaire was based on the International Standard performance indicators and the contingent valuation method (CVM) to assess academic library electronic services. The questions were based on the International Standards ISO 11620:1998, 1:2003 Amendment, ISO 2789:2006 performance indicators: percentage of  the target population using traditional library, percentage of  the target population using digital library, percentage of the target population using both libraries, preferred location of use of the electronic services, service used (data bases, electronic collections, pay e-journals or Open Access journals). The scenario designed in this research to valuate electronic services of the Portuguese academic libraries is based on a hypothetical idea. The WTP scenario describes an economic situation which forces the Portuguese electronic scientific information consortium, b-on, to stop. It is suggested that the consortium b-on will continue if the users maintain the cost of these services paying a monthly tax with values between 5 to 50 Euros (Melo and Pires, 2009).

This questionnaire (paper version) was piloted with fifty academic library users. Then it was send by e-mail to thirty three Public Portuguese Universities (professors, researchers, students, administrative staff and everyone who usually uses academic services). The answers were received from 15th January to 15th May 2009. During these four months we received 1930 answers. The composition of the respondents sample is the following: professors 28.0%, PhD students/researchers 13.9%, master students 19.3%, undergraduate students 31.1% and others 7.7% (administrative and library staff). We can verify that the professors and the PhD students/researchers are overrepresented in the sample whereas the undergraduate students are underrepresented. This is an expected result. These two groups of users are the ones who are more directly involved in research and who are more aware about the scientific information consortium b-on and thus it is likely that they were more interested in answering. 

2.3 Data Analysis

The first step of the analysis was to summarize the data collected. The next step involved the comparison between different types of users and between various scientific disciplines. We considered five groups of users: Professor, PhD Student/ Researcher, Master Students, Undergraduate Students and Others. The scientific disciplines were aggregated in the following six groups: Physiques and Chemistry Sciences; Humanities and Social Sciences; Earth and Planetary Sciences; Life and Health Sciences, Engineering; Mathematics and Computer Sciences.
As we referred above in order to estimate same coefficients to describe several user behaviours we use statistic and probabilistic data analysis - Linear probability model (LPM), Logit and Probit models for binary response. Our statistical and probability analysis was performed with the STATA – Data Analysis Statistic Software.

3. Analysis of the Results

We start by analyzing the results of user e-surveys. The user e-surveys involved 1930 answers. Table 1 presents the frequency of maximum willingness to pay (WTP) to continue to access Portuguese electronic scientific information consortium b-on (Melo and Pires, 2009). The two F statistics and the corresponding p-values, lead us to conclude that there exist statistically significant differences across groups. An overview shows us that the professors and the PhD students/researchers on average are willing to pay much higher amounts than the master and undergraduate students. 
Table 1: Frequency of maximum willingness to pay (WTP) to continue to access Portuguese electronic scientific information consortium b-on (Melo and Pires, 2009).
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Professor (%) 29.6 22.4 21.3 6.3 9.8 4.3 0.9 5.4 10.5 31.8 30.3 8.9 13.9 6.1 1.3 7.6 14.9

PhD Student /Researcher(%)43.3 22.8 13.8 5.2 7.8 3.0 0.7 3.4 7.8 40.1 24.3 9.2 13.8 5.3 1.3 5.9 13.7

Master Student (%) 45.7 30.9 14.5 3.5 4.0 1.1 0.0 0.3 4.8 56.9 26.7 6.4 7.4 2.0 0.0 0.5 8.8

Undergraduate Student (%) 43.7 32.5 15.3 4.0 3.5 0.5 0.2 0.3 4.9 57.7 27.2 7.1 6.2 0.9 0.3 0.6 8.6

Other (%) 43.3 20.0 12.3 4.0 6.7 5.3 0.7 6.7 9.5 35.3 23.5 7.1 11.8 9.4 1.2 11.8 16.3

ANOVA analysis  F=31.72 and p-value=0.000 F=27.68 and p-value=0.000

User

How maximum willingness to pay (WTP) to continue access scientific e-resources (Euros for month)?

Accepting null value Not accepting null value


Table 2 summarizes the data to estimate, by regression analysis, the probability of being willing to pay to continue to access the Portuguese electronic scientific information consortium, b-on.  We estimated the 
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 coefficients and their p-values, in parenthesis, for Linear probability, Logit and Probit models.  We decided to use these three models because they give us a more consistent analyses data. We ran regressions including the observations with null values (1930 observations) and regressions not including those observations (1157 observations).The signs of the coefficients are the same across the models and the same independent variables are statistically significant in each model. 
Linear probability model

Table 2 first item presents the data accepting null values. The bottom of the column shows the value of F statistics that tests the null hypothesis that all explanatory variables coefficients are equal to zero. The F-statistics is equal to 21.67, with a p-value of 0.000. This means that the null hypothesis should be rejected, telling us that our model as a whole is statistically significant. The R-squared is equal to 0.19 which means than 19% of the total variation is explained by the model. This value seems low, however it is quite normal in regressions using cross-sectional data and in earlier studies in the library and information literature (see Aabø (2005) and references therein).
Let us now interpret each one of the coefficients in the regressions. The coefficient associated with a given explanatory variable “gives the change in the conditional probability of the event occurring for a given change in the value of the explanatory variable” (Gujarati, 550:1995). In what follows we only interpret the coefficients which are statistically significant (meaning that we can reject the hypothesis that they are equal to zero).
The coefficient -0.0098 attached to the variable “Bid” means that, holding all the other factors constant, the probability of being willing to pay to access b-on decreases by a factor of 0.0098 or 0.98 percent. Thus the higher the «price» of the b-on service, the lower the probability of a given user «buying» the service. In other words, the demand for the service is negatively related to its price.
The coefficient 0.0051 attached to the variable “Frequency digital library use” means that, assuming all other factors constant, the probability of being willing to pay the service of b-on increases 0.0051 or 0.5 percent for each additional day of digital libraries use. The coefficients of 0.1032 and 0.1061 attached, respectively, to the variables “Professor” and “Other” (mainly library staff) mean that, assuming all other factors constant, the probability of being willing to pay to access b-on by the “Professor” and “Other” categories are higher about 10 percent and 11 percent as compared with the base category of the “Master student”.  
Similarly, the coefficients of 0.0403 and 0.0512 linked, respectively, to the variables “Life and Health Sciences” and “Humanities and Social Science” mean that, assuming all other factors constant, the probability of being willing to pay to access b-on by the users of these two scientific areas are higher about, respectively, 4 and 5 percent as compared with the base scientific area of “Engineering”.  

We also can look to the coefficient 0.0588 linked to the institution “Universidade Nova de Lisboa” and say that the probability of being willing to pay to access b-on by the users of this university are higher about, 0.6 percent as compared with the base category “Polytechnic Institutes”. 

The fifth column in Table 2 shows the results of the linear probability model without including the observations with null values (1157 observations). Considering the F-statistics we can conclude that the model as whole is statistically significant. In this regression, the explained variance (R-squared) is 35.5%. 
The variables that are statistically significant and the signs of the coefficients are the same than in the regression including all the observations, except for the institution “Universidade Nova de Lisboa” and the area of “Humanities and Social Sciences”. The magnitude of the coefficients is similar in the two regressions but with some interesting differences. For instance, in this regression demand is more sensitive to the price and there is a larger difference between users from “Life and Health Sciences” and “Engineering”.

Table 2: Determinants of the probability of being willing to pay to access b-on, with all observations (columns 2,3 and 4) and excluding null values (columns 5,6 and 7).
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(OLS) (MLE) (MLE) (OLS) (MLE) (MLE)

z-coefficient B-coefficient B-coefficient z-coefficient B-coefficient B-coefficient

Bid -0.0098(0.000)*** -0.1199(0.000)*** -0.0612(0.000)*** -0.0166(0.000)*** -0.1599(0.000)*** -0.0829(0.000)***

Frequency digital library use (0=No, 1=Yes) 0.0051(0.000)*** 0.0039(0.000)*** 0.0025(0.000)*** 0.0007(0.000)*** 0.0054(0.000)*** 0.0033(0.000)***

Knowledge of b-on (0=No, 1=Yes) 0.0231(0.259) 0.2073(0.284) 0.1142(0.297) 0.0359(0.219) 0.2123(0.354) 0.1201(0.374)

Professor 0.1032(0.000)*** 0.9237(0.000)*** 0.5485(0.000)*** 0.1048(0.006)*** 0.9000(0.003)*** 0.5469(0.002)***

PhD Student /Researcher 0.0453(0.133) 0.4060(0.138) 0.2112(0.177) 0.0577(0.181) 0.3851(0.253) 0.2178(0.266)

Undergraduate student 0.0309(0.206) 0.2854(0.224) 0.1661(0.208) 0.0344(0.325) 0.1957(0.478) 0.1409(0.387)

Other  0.1061(0.005)*** 0.9244(0.003)*** 0.5454(0.003)*** 0.1904(0.000)*** 1.6064(0.000)*** 0.8693(0.000)***

Life and Health Sciences 0.0403(0.089)* 0.3500(0.100)* 0.2108(0.082)* 0.0474(0.153) 0.3126(0.233) 0.2134(0.157)

Physiques and Chemistry Sciences 0.0354(0.212) 0.3635(0.135) 0.2026(0.144) 0.0475(0.243) 0.3626(0.233) 0.2149(0.218)

Humanities and Social Science 0.0512(0.046)* 0.4496(0.052)* 0.2776(0.034)** 0.0577(0.104) 0.3355(0.228) 0.2449(0.124)

Earth and Planetary Science -0.0135(0.720) -0.0067(0.985) -0.0293(0.885) -0.0418(0.424) -0.4012(0.347) -0.2142(0.388)

Mathematics and Computer Sciences -0.0315(0.330) -0.3857(0.214) -0.2300(0.192) -0.0408(0.385) -0.4537(0.231) -0.2657(0.231)

University of Algarve -0.0029(0.934) -0.0336(0.914) -0.0200(0.910) 0.0137(0.777) 0.1656(0.666) 0.0813(0.715)

University of Aveiro -0.0049(0.911) -0.0723(0.844) -0.0600(0.777) -0.0114(0.845) -0.0799(0.859) -0.0987(0.700)

University of Évora 0.0140(0.754) 0.7576(0.851) 0.0429(0.853) 0.0201(0.742) 0.1004(0.840) 0.0381(0.896)

University of Lisboa -0.0230(0.551) -0.2599(0.433) -0.1075(0.560) -0.0191(0.720) -0.1859(0.652) -0.0405(0.861)

University Nova de Lisboa 0.0588(0.094)* 0.4772(0.118) 0.2760(0.112) 0.0550(0.245) 0.5028(0.178) 0.2743(0.197)

University of Porto 0.0252(0.394) 0.2017(0.418) 0.1346(0.336) 0.0433(0.277) 0.3951(0.198) 0.2352(0.172)

University Técnica de Lisboa 0.0227(0.616) 0.1664(0.655) 0.0991(0.643) 0.0819(0.197) 0.7598(0.126) 0.4130(0.142)

University of Coimbra -0.0478(0.232) -0.6420(0.078)* -0.3300(0.100)* -0.0512(0.361) -0.4888(0.269) -0.2695(0.283)

Other Universities 0.0301(0.419) 0.2592(0.391) 0.1407(0.417) 0.0160(0.746) 0.1570(0.673) 0.0586(0.782)

Constant 0.2822(0.000)*** -0.6481(0.049)** -0.5175(0.004)*** 0.5239(0.000)*** 0.7011(0.079)* 0.2459(0.269)

Number of observations 1930 1930 1930 1157 1157 1157

Statistic F 21.67(0.000)*** 29.76(0.000)***

R-squared 0.1926 0.3551

Pseudo R2 0.2631 0.2600 0.3942 0.3839

LR chi2(21) 471.10(0.000)*** 465.56(0.000)*** 551.03(0.000)*** 536.64(0.000)***

Log likelihood -659.8280 -662.5982 -423.3755 -430.5673

The p-values are indicated in parentheses.

*** variable is significant at 1% significance level, ** variable is significant at 5% significance level and * variable is significant at 10% significance level.

Accepting null values Not accepting null values

Regression analysis of WTP  to continue access scientific e-resources b-on


Logit and Probit  models

As previously mentioned our main aim is to study the set of factors that influence the probability of an academic user being willing to pay the b-on services. Ordinary least square regression (OLS) is a very common estimator, but presents some problems when using a binary response variable. The adequate models for binary dependent variables are Logit and Probit models. 

The bottom of Table 2 shows the likelihood ratio chi-squared (LRchi2(21)) of the Logit an Probit models with the p-values, respectively, 471.10 (0.000), 465.56 (0.000), 551.03 (0.000) and 536.64 (0.000), tell us that the models as a whole fit significantly well. The pseudo-R-squared is also given. It is a pseudo-R-squared because there is no direct equivalent of an R-squared (from OLS) in non-linear models. The explained variance in the three models are about 19-26 percent (0.1926, 0.2631), for the data accepting null values and 36-39 percent  (0.3551, 0.3942) to data not accepting null values. These values are low and higher values indicating better model fit. However they cannot be interpreted as one would interpret an OLS R-squared. Aabø (2005b) explains that more important than the high of the pseudo R2 are the signs of the significant explanatory factors. 

The values of log likelihood can be used in comparisons of the Logit and Probit models. The higher values, -659.8280 and -423.3755, mean the Logit model is the best one to explain the impact of the different variables.

In the Table 2 we see the 
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 coefficients and the associated p-values. This table shows that these two models, which consider the maximum likelihood estimation (MLE), produce similar results. We obtained statistically significant values for the independent variables “Bid”, “Frequency digital library use”, “Professor”, “Other” and “University of Coimbra” (this last variable is not significant when null values are excluded). We emphasise that the signs of the coefficients are the same in the Logit and the Probit regressions.
The interpretation of the
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 coefficients in the Logit and Probit models can be difficulty. For this reason, as many other researchers, we prefer to compute the more intuitive "marginal effects" of the independent variables on the probability. For continuous independent variables, to find the marginal effects on the probability we must calculate the partial derivate. Equations (3 and 6) give us these values. We computed these data with STATA.

Let us interpret marginal effects for Logit and Probit models show in Table 3 second ant third columns.  
Table 3: Marginal effects  of LPM, Logit and  Probit  models explaining the probability of being willing to pay to access the b-on services, with all observations (columns 2,3 and 4) and excluding null values observations (columns 5,6 and 7)

[image: image23.emf]Independent variables

LPM Logit Probit LPM Logit Probit

(OLS) (OLS)

z-coefficient dy/dx dy/dx z-coefficient dy/dx dy/dx

Bid

-0.0098(0.000)*** -0.0086(0.000)*** -0.0098(0.000)*** -0.0166(0.000)*** -0.0177(0.000)*** -0.0201(0.000)

Frequency digital library use (0=No, 1=Yes)

0.0051(0.000)*** 0.0003(0.000)*** 0.0004(0.000)*** 0.0007(0.000)*** 0.0006(0.000)*** 0.0008(0.000)

Knowledge of b-on (0=No, 1=Yes)

0.0231(0.259) 0.0145(0.272) 0.0178(0.285) 0.0359(0.219) 0.0228(0.341) 0.0284(0.363)

Professor

0.1032(0.000)*** 0.0800(0.002)*** 0.1034(0.001)*** 0.1048(0.006)*** 0.1127(0.008)*** 0.1446(0.003)***

PhD Student /Researcher

0.0453(0.133) 0.0331(0.190) 0.0375(0.220) 0.0577(0.181) 0.0475(0.302) 0.0570(0.301)

Undergraduate student

0.0309(0.206) 0.0215(0.248) 0.0278(0.227) 0.0344(0.325) 0.0224(0.492) 0.0352(0.4000)

Other 

0.1061(0.005)*** 0.0926(0.027) 0.1165(0.016)** 0.1904(0.000)*** 0.2776(0.004)*** 0.2795(0.002)***

Life and Health Sciences

0.0403(0.089)* 0.0271(0.128) 0.0362(0.104) 0.0474(0.153) 0.0366(0.259) 0542(0.176)

Physiques and Chemistry Sciences

0.0354(0.212) 0.0294(0.181) 0.0359(0.183) 0.0475(0.243) 0.0445(0.278) 0.0562(0.251)

Humanities and Social Science

0.0512(0.046)* 0.0362(0.083) 0.0495(0.055)* 0.0577(0.104) 0.0399(0.260) 0.0633(0.147)

Earth and Planetary Science

-0.0135(0.720) -0.0005(0.985) -0.0046(0.882) -0.0418(0.424) -0.0390(0.279) -0.0470(0.336)

Mathematics and Computer Sciences

-0.0315(0.330) -0.0243(0.153) -0.0323(0.132) -0.0408(0.385) -0.0436(0.163) -0.0572(0.171)

University of Algarve

-0.0029(0.934) -0.0024(0.913) -0.0032(0.909) 0.0137(0.777) 0.0192(0.680) 0.0203(0.723)

University of Aveiro

-0.0049(0.911) -0.0051(0.839) -0.0092(0.768) -0.0114(0.845) -0.0086(0.855) -0.0229(0.686)

University of Évora

0.0140(0.754) 0.0056(0.855) 0.0071(0.857) 0.0201(0.742) 0.0115(0.845) 0.0094(0.897)

University of Lisboa

-0.0230(0.551) -0.0170(0.387) -0.0162(0.534) -0.0191(0.720) -0.0194(0.631) -0.0096(0.858)

University Nova de Lisboa

0.0588(0.094)* 0.0401(0.179) 0.0508(0.161) 0.0550(0.245) 0.0641(0.236) 0.0733(0.237)

University of Porto

0.0252(0.394) 0.0151(0.437) 0.0225(0.355) 0.0433(0.277) 0.0471(0.231) 0.0602(0.194)

University Técnica de Lisboa

0.0227(0.616) 0.0128(0.675) 0.0169(0.662) 0.0819(0.197) 0.1083(0.215) 0.1186(0.200)

University of Coimbra

-0.0478(0.232) -0.0366(0.024) -0.0433(0.041) -0.0512(0.361) -0.0461(0.188) -0.0576(0.217)

Other Universities

0.0301(0.419) 0.0205(0.433) 0.0244(0.452) 0.0160(0.746) 0.0183(0.687) 0.0145(0.787)

Constant

0.2822(0.000)*** -- -- 0.5239(0.000)*** -- --

The p-values are indicated in parentheses.

*** variable is significant at 1% significance level, ** variable is significant at 5% significance level and * variable is significant at 10% significance level.

Marginal Effects Marginal Effects

Not accepting null values Accepting null values


We obtained statistically significant values for the independent variables “Bid”, “Frequency digital library use”, “Professor”, “Other” for observations accepting null values and observations not accepting null value. The signs of the coefficients are the same and the magnitudes are similar, exception for “Other”.  Now we can say for the results, of the Table 3 third item, that when “Bid” increases by one euro, the probability of buying the b-on services decreases by a factor 0.0086 or 0.9 percent in the academic population. On the other hand, the probability of being willing to pay to access b-on increases by a factor of 0.0003 or 0.03 percent for each additional day of digital library use. We can also tell that the probability of a Professor buying the b-on services is 8 percent higher than the probability of a master student doing so.

For Probit models, we say that the probability of a user, from area of “Humanities and Social Science”, paying the b-on services increase by a factor 0.0495 or 0.5 percent comparing user from the “Engineering” area.
We can make the other comparisons very easily with all data reported in Table 3 with statistically significant.  For instance, looking the data of Logit model and not accepting null values, we can say the probability of a Professor paying the b-on services increase by a factor 0.1127 or 11 percent comparing with the category of Master student, and so on. 

4. Demand curve of the b-on services 

The demand curve is defined as the relationship between the price of the good and the amount or quantity the consumer is willing to purchase in a specified time period, maintaining constant the other determinants of demand (frequency of use, the type of the user, the scientific area and the institution of the user, in our case). 

We analyse demand curve of the Portuguese electronic scientific information consortium b-on – Biblioteca do Conhecimento Online. Figure 1 shows the demand curves, respectively, to Professors and Master students, of the area of Humanities and Social Sciences, from University Nova de Lisboa, with an average frequency digital library use of about 53 days per year. The demand curves shows how the probability of being willing to pay to access b-on varies with the price.  The curves were drawn considering the results of the Logit model as it describes better the behaviour of the academic Portuguese users. In our computations we took into account only the statistically significant variables, since for the remaining variables we cannot reject the null hypothesis of 
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 being equal to zero.
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Figure 1: Demand curves for the Portuguese electronic scientific information consortium b-on – Biblioteca do Conhecimento Online, respectively, to Professors and Master students of the area of Humanities and Social Sciences, from University Nova de Lisboa, with an average frequency digital library use of about 53 days per year

The demand curves show that, for a given price, the probability of a Professor buying the b-on services is higher than the corresponding probability for a Master student. For instance, if the price is 15 Euros per month, the probability of being willing to buy is 63% for a Professor and 41% for a Master student.

5. Conclusions 
The levels of importance of access and cost of e-resources in academic environment have quickly increased; WWW, e-books, e-journals and other e-resources have become important sources in libraries. However, there are not enough studies of the impact of the e-resources in the Portuguese academic libraries. This study aimed to improve the knowledge of the value in monetary terms of the scientific e-resources. In order to conduct an accurate assessment we used the contingent valuation method (CVM) to estimate the maximum willingness to pay (WTP) and regression analysis techniques - Linear probability model (LPM), Logit and Probit models – to identify the factors that influence the probability of an user being willing to pay to access the b-on services. The Logit and Probit models are used when the dependent variable is a dichotomous qualitative variable (in our case the categories are: willing to buy, not willing to buy). A qualitative variable can be transformed into a binary variable that takes the value 1 if the respondent answers «yes» and takes the value 0 if he answers «no». 
In this paper we studied the factors that influence the probability of a user being willing to pay to access the b-on services. The results show that the probability of buying the b-on services is decreasing with the price charged for the service, showing that the demand for b-on services is quite sensitive to the «price». On the other hand, the users who use more frequently the digital library services present a higher probability of paying to access b-on. Among the various types of users, the Professor category is the one that shows higher probability of buying the services of b-on.
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