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WTP CALCULATION ACCURACY USING STATED PREFERENCE 

SURVEY DATA: COMPARISON BETWEEN LOGISTIC REGRESSION 

AND NEURAL NETWORK METHODS 

SUMMARY 

Valuing environmental recreational sites, which is also referred as non-market 

valuations, is widely used in environmental economics studies. Survey datasets are 

used to assess the price value of the site to an individual, which is referred as maximum 

willingness to pay (WTP), in order to understand demand for the sites. WTP 

calculations are used to decide on recreational site alterations, therefore an accurate 

WTP calculation is very important on the decision. The most common type for 

recreational site surveys is stated preference, where respondents are given two or more 

alternatives to choose one option out of them. Logistic regression is used in binary 

choice datasets because linear models don’t work with binary outputs. Thus, traditional 

logit models are used most commonly with random utility models for stated preference 

discrete choice datasets. Neural networks on the other hand are improved logistic 

regression models, they are combination of logistic regressions with a learning 

process. Therefore, in order to calculate more accurate willingness to pay estimates, 

neural network models which are improved logistic regressions, could be used instead 

of simple traditional logit models. With this research, we wanted to test the superiority 

of neural networks on traditional logit in terms of willingness to pay estimation 

accuracy. In order to compare WTP calculation accuracies, we calculated out-of-

sample prediction accuracies of the two methods and compared marginal effects and 

coefficients of covariates. Marginal effects of covariates would acquire us the effect 

of covariates on the probability of choosing one alternative, therefore they indicate the 

variable importance on WTP calculations. Coefficients on the other hand are used in 

WTP calculations because they represent the strength of particular covariate on the site 

choice. 

We examined two different articles that use stated preference survey datasets which 

are conducted for assessing the demand for recreational sites. First one is the survey 

data from Neher et al. (2019) that consists of boaters’ choice of river alternatives. 

Boaters are given two hypothetical river alternatives with different levels of attributes 

including choosing neither option. For choosing neither alternative option, we 

assigned attribute levels as zero for all attributes. Since the data consists of only 

alternative attributes, conditional logistic regression is implemented. Both conditional 

logit and neural network methods are fitted on the randomly selected 80% of the 

normalized dataset, which stands for “training” data, and prediction accuracies were 

tested on the remaining data as test sample for 30 times. As a result, on average neural 

network model couldn’t outperform traditional logit in terms of out-of-sample 

prediction accuracy. Traditional logit gave approximately 1% higher accuracy 

measure. Reason behind this might because the dataset perfectly satisfies all conditions 

of logit assumptions and maybe because of having neither option with zero attribute 

values in the dataset. 
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Second dataset is from Morey et al. (2002). Bikers are given two hypothetical biking 

sites and they are expected to choose one site alternative. From this data, Morey et al. 

(2002) try to assess WTP by calculating compensating variation, which is found by 

the amount of money that needs to be added or subtracted from the budget so that 

maximum utilities in the first and latter state would be same after an alteration in the 

biking site. Since there are only two choices with individual and alternative attributes 

together, we used simple logistic regression. Same training and test process with the 

first data is implemented 10 times. Results showed that neural network model’s out-

of-sample prediction accuracy was approximately 2.3% higher than traditional logit. 

Because neural network model gave higher accuracy measure on this dataset, we 

further continued on calculating and comparing coefficients and marginal effects of 

both methods. Results showed that out of 11 covariates, 8 variables’ marginal effects 

are statistically significantly different at 1% level. In terms of coefficients, 5 variables 

are different at the same confidence level. This indicates that for high number of 

covariates, coefficients and average marginal effects of two methods significantly 

differ from each other. In conclusion, we found evidence that neural network gives 

more accurate WTP calculation and since for high number of covariates, coefficients 

and average marginal effects of two methods significantly differ, recreational site 

change decisions would be different with using neural network and logistic regression 

methods.  
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BİLDİRİMLİ TERCİH ARAŞTIRMASI VERİLERİNDE WTP HESAPLAMA 

DOĞRULUĞU: LOJİSTİK REGRESYON VE YAPAY SİNİR AĞ 

YÖNTEMLERİ KARŞILAŞTIRILMASI 

ÖZET 

Piyasa dışı değerlemeler olarak da adlandırılan çevresel doğal alanların (park, sahil, 

dağ vb.) değerlendirilmesi, çevre ekonomisi çalışmalarında yaygın olarak 

kullanılmaktadır. Anket çalışmaları, bu tür sahalara olan talebi anlamak için 

vatandaşların doğal alanlara olan maksimum ödeme isteğini (WTP) değerlendirmek 

amacıyla kullanılmaktadır. WTP hesaplamaları doğal alan değişikliklerine karar 

vermek için kullanılır, bu nedenle doğal alan değişiklik kararlarında doğru bir WTP 

hesaplaması çok önemlidir. Doğal çevresel alan değerlendirme anketleri içinde en 

yaygın olan tür, katılımcılara iki veya daha fazla farklı özelliklere sahip doğa alanları 

alternatifleri verilip, katılımcıların bu alternatifler içinden bir seçim yapması istenen 

anketlerdir. Bu anket türleri bildirimli tercih olarak adlandırılmaktadır. İkili seçim veri 

kümelerinde lojistik regresyon kullanılır, çünkü doğrusal modeller ikili çıktılarla 

çalışmamaktadır. Bu nedenle, bildirimli tercih anketlerinin değerlendirilmesinde en 

yaygın olarak kullanılan modelleme lojistik regresyondur. Yapay sinir ağları ise 

lojistik regresyon modellerinin geliştirilmiş halidir. Yapay sinir ağları birden fazla 

lojistik regresyonun öğrenme süreciyle bir araya gelmesiyle oluşmaktadır. Bu nedenle, 

daha doğru bir WTP hesaplaması için basit bir lojistik regresyon yerine lojistik 

regresyonun geliştirilmiş hali olan yapay sinir ağları kullanılabilmektedir. Bu 

araştırma ile, yapay sinir ağlarının geleneksel lojistik regresyon üzerindeki 

üstünlüğünü iki farklı bildirimli tercih araştırma datası üzerinde WTP hesap doğruluğu 

açısından test ettik. WTP hesaplama doğruluklarını karşılaştırmak için, iki yöntemin 

de model dışı tahmin doğruluklarını hesapladık ve değişkenlerin iki yöntemdeki 

marjinal etkilerini ve katsayılarını karşılaştırdık. Değişkenlerin marjinal etkileri, bu 

değişkenlerin bir alternatif seçme olasılığı üzerindeki etkisini vermektedir, bu nedenle 

WTP hesaplamasına katılacak olan değişkenler marjinal etkilere bakılarak 

kararlaştırılmaktadır. Öte yandan, değişken katsayıları ise WTP hesaplamalarında 

direkt olarak yer almaktadır, çünkü bu katsayılar o değişkenin alternatif seçimi 

üzerindeki gücünü temsil etmektedirler. 

 

Kullandığımız iki bildirimli tercih araştırması anket verisinden ilki Neher et. al 

(2019)’a aittir. Bu data, rafting sporcularının nehir alternatifleri seçimlerinden 

oluşmaktadır. Sporculara farklı seviyelerde niteliklere sahip iki varsayımsal nehir 

alternatifi verilmiştir ve sporculardan bu iki alternatiften birini veya hiçbirini seçme 

seçenekleri sunulmuştur. Çalışmamızda hiçbir seçeneği seçmeme alternatifi için tüm 

nehir özellikleri sıfır olarak atanmıştır. Bu veri setinde yalnızca nehir özellikleri yer 

aldığından, koşullu lojistik regresyon uyguladık. Hem koşullu lojistik regresyon hem 

de sinir ağı yöntemleri, normalleştirilmiş veri kümesinin içinden rastgele seçilen %80 

veri seti üzerine uygulanır, bu da “öğrenme” verileri anlamına gelir ve tahmin 

doğruluğu uygulanan modelin geriye kalan %20’lik veri üzerinde test edilmesiyle 

hesaplanır. Çalışmamızda bu hesaplamayı 30 rastgele seçilmiş veri üzerinde 
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gerçekleştirdik. Sonuç olarak, yapay sinir ağı modeli, örnek dışı tahmin doğruluğu 

açısından geleneksel lojistik regresyondan daha iyi performans gösteremedi. 

Geleneksel lojistik regresyon yaklaşık %1 daha yüksek tahmin doğruluğu verdi. 

Bunun nedeni, veri kümesinin lojistik regresyon varsayımlarının tüm koşullarını 

mükemmel bir şekilde karşılaması olarak açıklanabilir. Ayrıca, veri kümesinde sıfır 

özellik değerlerine sahip olan iki seçeneğin de seçilmemesi alternatifinin yer alması 

nedeniyle de olabilir. 

 

Araştırmada kullandığımız diğer data seti Morey et al. (2002) makalesine aittir. 

Bisiklet sporcularına iki varsayımsal bisiklet alanı alternatifi verilip katılımcılardan 

alternatiflerden birini seçmeleri beklenmektedir. Morey et al. (2002), WTP'yi, bisiklet 

sahasındaki bir değişiklikten sonra birinci ve ikinci durumdaki maksimum faydaların 

aynı olacağı şekilde bütçeye eklenmesi veya çıkarılması gereken para miktarı ile 

bulunan telafi edici varyasyonu hesaplayarak bulmaktadır. Bu veri setinde iki seçenek 

bulunduğundan ve hem katılımcıların bireysel özellikleri hem de alternatiflerin 

nitelikleri birlikte yer aldığından, basit lojistik regresyon kullanılmıştır. Neher et. al 

(2019) data seti üzerinde gerçekleştirilen tahmin doğruluğu hesaplama yönteminin 

aynısı bu data üzerinde de 10 kez uygulanmıştır. Sonuçlar, yapay sinir ağı modelinde 

örnek dışı tahmin doğruluğunun geleneksel lojistik regresyondan yaklaşık %2.3 daha 

yüksek olduğunu göstermiştir. Yapay sinir ağı modeli bu veri seti üzerinde daha 

yüksek doğruluk ölçümü verdiğinden, her iki yöntemin katsayılarını ve marjinal 

etkilerini hesapladık ve karşılaştırdık. Sonuçlar 11 farklı değişken içinden 8’inin 

marjinal etkilerinin %1 düzeyinde istatistiksel olarak önemli ölçüde farklı olduğunu 

göstermiştir. Katsayılar açısından ise aynı güven düzeyinde 5 adet değişkenin farklı 

sonuç verdiğini gözlemledik. Bu, çok sayıda değişken için, katsayıların ve iki 

yöntemin ortalama marjinal etkilerinin birbirinden önemli ölçüde farklı olduğunu 

göstermektedir. Sonuç olarak bu çalışmada, yapay sinir ağlarının daha doğru WTP 

hesaplaması verdiğine dair kanıt bulduk ve iki yöntem çok sayıda eş değişken için 

farklı katsayı ve ortalama marjinal etki verdiğinden, doğal alanlarda yapılacak olan 

değişiklik kararlarının yapay sinir ağı ve lojistik regresyon yöntemleri ile farklı 

olacağını tespit ettik. 
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 INTRODUCTION 

As environment started to gain more importance, environmental and ecological studies 

had pace in recent years, economists study more on these issues. An important branch 

of environmental economics consists of non-market valuations, where economists try 

to assess the willingness to pay and contingent valuation for natural sites such as rivers, 

parks etc. In order to conduct these evaluations, surveys are conducted on high number 

of people, where respondents are been asked to make choices on different attribute 

alternatives. These surveys can be done in several formats. In this research, we study 

one of the most common types, stated preference (SP) choice surveys, where 

respondents are given same site with two or more different attributes and expected to 

make a choice between those alternatives, sometimes with choosing neither option. 

 

SP datasets may include both individual characteristics (age, gender, marital status 

etc.) and the matter of interest’s characteristics, regarding the scope of the research. 

On the decision behaviour of respondents, their individual attributes should also be 

taken into account before suggesting a change in the matter of interest. With this 

method, researchers try to estimate respondents’ utility functions by their preferences 

in a set of choices (Kroes & Sheldon, 1988). For SP data, the most commonly used 

utility model is random utility. With random utility model (RUM), overall utility is 

expressed as a function of individual and interest’s attributes, added to a random 

component. The assumption is that the individual would choose the alternative that 

gives the highest utility.  

 

Stated preference methods in surveys are important in literature since these can be 

applied in various studies, not only in environmental and ecological, but also for 

transportation (Kroes & Sheldon, 1988) and other related non-market valuation 

studies. Along with contingent valuation and willingness to pay estimations, these 

studies can be used in demand analysis and forecasting.  
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For analysing discrete choice stated preference data, traditional methods are 

multinomial or mixed logit for more than two choices and logistic regression for 

presenting only two choices.  

 

Logistic regression tries to fit a model that has a binary or dichotomous outcome, 

unlike linear regressions (Hosmer et al., 2013) and network models are improved 

logistic regressions where combination of multiple logistic regressions create a single 

model with a learning process. Thus, instead of using traditional simple logistic 

regression on stated preference datasets for calculating WTP, we propose that an 

improved version of traditional models, artificial neural network, would give higher 

accuracy on WTP calculations. Novel approach of this study is to understand whether 

using artificial neural network (ANN) models would be sufficient instead of traditional 

logistic regression methods, with a comparison in terms of their out-of-sample 

prediction accuracy, marginal effects of determinants and their coefficients for an 

accurate willingness to pay calculation. The primary goal of this research is to get a 

more accurate estimation of willingness to pay. We believe that since ANN models are 

suitable for predictions, it would give more accurate WTP estimations. We test this 

hypothesis in this research by comparing out-of-sample prediction accuracies of 

traditional logit and neural network models. Since neural networks are fit on the data 

with learning process, prediction accuracy on the given data would be higher than 

traditional logit. However, when the model would encounter new data, it will fail to 

give accurate results. Therefore, in this research, we used out-of-sample prediction 

accuracies of both neural network and logit models. 

 

With the emerge of big data, ANN methods are widely used in econometric analysis, 

especially when the research focus is on prediction rather than summarization (Varian, 

2014).  Prediction is an important instrument for SP models because economists try to 

make predictions of behavioural responses on a change of a non-market value. Thus, 

we expect that ANN methods might predict more accurately on SP datasets.  
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Neural network and logit models differ in terms of different aspects. According to Daly 

(1982), when attributes have non-linear properties, logit models can’t converge on 

maximum likelihood estimation with Newton’s method. In addition, logit models 

cannot perform well when different alternatives are correlated with each other, 

resulting in generating a covariance matrix that has non-zero values on non-diagonal. 

A neural network model can overcome these problems by generating arbitrary 

covariance matrix, also neural network models have the ability to work on non-linear 

relationships (Bishop, 1996). Also, conditional logit has some drawbacks in 

willingness to pay estimation context (Johnson et al., 2000). According to Johnson et 

al. (2000), tests demonstrate that conditional logit models cannot satisfy irrelevance of 

independent alternatives assumption (IIA), that is assuming that the ratio of 

probabilities for any two alternatives is independent from the levels in another 

alternative. In addition, conditional logit doesn’t use the correlations within each 

individual’s series of choices.  

 

Following section shows the studies in literature on the comparison of ANN and logit 

models for the analysis of SP data. Section 3 describes data that is used in this research 

and in section 4, analysis methods are shown in detail. Section 5 and 6 present results 

and conclusions of this research. 

 

 

 

 

 

 

 

 

 

 

 



4 

 

 

 



5 

 LITERATURE REVIEW 

In this research, we used two different discrete choice stated preference survey 

datasets. When individuals are given hypothetical discrete choice sets that are expected 

to make a single choice, the model is called stated preference choice model 

(Adamowicz et al., 1994). Datasets that we use in this research are surveys that have 

been conducted in order to assess the demand of recreational sites by calculating 

willingness to pay (WTP) for visiting the sites. Survey questions consist of river site 

and biking site choices from given alternatives. 

 

In order to analyse stated preference models, random utility is frequently used  

(Adamowicz et al., 1994). In our research, we also used random utility model for both 

datasets. In a random utility model, assumption is, individuals choose the alternative 

that gives the highest utility among the all alternatives that have systematic utility 

component (𝑣) and random component (𝜀).  

 

Willingness to pay estimation can be done in various methods. First one, which is used 

in the dataset from Morey et al. (2002), is by finding compensating variation (CV). 

Compensating variation measures the amount of money that compensates after a 

change in fee or another attribute in the recreational site that holds individual’s utility 

constant (J. Zhao & Kling, 2004). Morey et al. (2002) describe CV per-ride as the 

amount of money that needs to be extracted from budget in order to make the utility 

of latter state equal with the utility of the initial state. D. McFadden (1999) also uses 

same notation and names the amount of money that needs to be extracted from the 

budget in the case of restoration of the site for equivalate utilities before and restored 

state as equivalent variation (EV). These concepts are used for same purpose as 

measuring willingness to pay or willingness to accept (WTA) in the case of 

compensating deuteriation in the site by the increased amount of money in the income 

so that maximum utility before and after the deuteriation would be same. D. McFadden 

(1999) proposes that mean willingness to pay calculation can be done by averaging 
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income reductions (increase) in the case of deuteriation (restoration) for compensating 

variation measurements.  

 

In Morey et al.’s (2002) research, according to logit model estimation from stated 

preference choice dataset, two alternatives of biking sites, W and S are simulated as 

being asked to individuals to make a choice between them. For individual 𝑖, that has 

systematic component of random utility as 𝑣, mathematical representation of CV 

modelling is as follows: 

𝐸(𝑈𝑖
0) =  𝑙𝑛 (𝑒𝑥𝑝(𝑣𝑖𝑊

0 ) + 𝑒𝑥𝑝(𝑣𝑖𝑆
0 )) (1.1) 

 

𝐸 (𝑈𝑖
1(𝑐)) =  𝑙𝑛 (𝑒𝑥𝑝(𝑣𝑖𝑊

1 ) + 𝑒𝑥𝑝(𝑣𝑖𝑆
1 )) (1.2) 

 

𝐸 (𝑈𝑖
1(𝑐)) =  𝐸(𝑈𝑖

0) (1.3) 

Where 𝑐 is the amount of money that is subtracted from the budget in the latter state. 

Willingness to pay is calculated from this measurement. In order to calculate impact 

of a quality change, W. Adamowicz et al., (1994) also uses the same approach with 

Morey et al. (2002) with the following equation: 

𝐶𝑉 =  −
1

𝛼
{𝑙𝑛 (∑ 𝑒𝑥𝑝(𝑣𝑛0)

𝑖

) − 𝑙𝑛 (∑ 𝑒𝑥𝑝(𝑣𝑛1)

𝑖

)} (2) 

Where 𝛼 represents marginal utility of income and 𝑣𝑛0 stands for systematic 

component of random utility in the initial stage and 𝑣𝑛1 represents latter stage for 

individual 𝑛. From the above equation, they calculate the impact of quality change of 

a river on the decision of boaters.  

 

Other than compensating variation, another way of calculating willingness to pay is 

implemented from discrete choice experiment (DCE) surveys. In these types of 
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datasets, individuals are expected to make a choice between alternatives. According to 

the number of choices, model fit can be done with simple or multinomial logit, mixed 

logit or random parameter logit. In Neher et al.’s research, (2019) random utility model 

is fitted to conditional logit. Mean willingness to pay is found by: 

𝑀𝑊𝑇𝑃𝑘 =
𝛽1𝑘

𝛽2
 (3) 

Where k represents kth element of x variables, being specific to the attribute level and 

𝛽2 is the coefficient of the cost of alternatives. This expression can also be interpreted 

as willingness to pay for an improvement in 𝑥𝑘 (Hole, 2007). Since model is logistic 

regression, it is assumed that 𝛽 coefficients are normally distributed therefore 

estimated WTP is ratio of two normally distributed variables (Hole, 2007).  

 

For an accurate willingness to pay estimation, variable selection is extremely 

important. Researches that use logit models for estimation, marginal effects measure 

the change in choice probability by one unit (percent) change in an input variable (X. 

Zhao et al., 2020). Therefore, marginal effects in logit models are important on 

determining which predictors to use in willingness to pay estimations. According to 

Adamu et al. (2015), results of coefficients and marginal effects of logit models have 

different interpretations for willingness to pay estimations. The sign of the coefficient 

indicates the direction of the variable and willingness to pay; positive (negative) 

coefficient is an indicator that willingness to pay would increase (decrease) with an 

increase in the given variable. In addition, the size of the coefficient provides the 

strength of the variable in willingness to pay calculation, as shown in Equation 3.  

 

In this research, we used artificial neural networks and logistic regression for WTP 

calculations and compared out-of-sample accuracies of the two methods. In literature, 

similar studies had conducted. One of them is from McNelis (2005), where authors 

compared the two methods in terms of their out-of-sample prediction accuracies for 

predicting credit card defaults. Their results showed that logit and neural network gave 

almost same accuracy measures. Similarly, Bell (1997)’s comparison on bank failure 

predictions gave almost identical results, neural network and logit performed almost 
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same. Whereas, in their research Shi et al. (2012) found evidence that neural network 

outperformed logistic regression significantly for predicting surgery survivals.  

 

Even though traditional logistic regression methods are more frequently used for 

predicting probabilities of choices in stated preference models, some researchers used 

artificial neural network models instead of traditional methods and compared their 

results (De Carvalho et al., 1998) (Jeng & Fesenmaier, 1996) (Beuthe et al., 2008). 

Neural network models have advantage over non-linear relationships (Bishop, 1996), 

but they lack in some aspects of willingness to pay estimations. According to X. Zhao 

et al. (2020), since demand depends on the random utility modelling, with one attribute 

substituting the other may give same individual utility measure and this feature cannot 

be captured by machine learning methods. In addition, neural network modelling being 

used in forecasting demand in these types of ecological studies has a drawback in terms 

of finding relationships between covariates and desired output. Therefore, Olden & 

Jackson (2002) proposes a method that uses connection weights in the model for 

acquiring contribution of input variables on the output. They suggest summation of 

each connection weights across input to output including hidden layers and calculating 

relative contribution in percentages of each covariate in order to assess which variables 

to include in demand estimations. Since neural network models have both advantages 

and disadvantages over traditional logit models, a detailed research on comparison of 

two models in discrete choice surveys for willingness to pay concepts have been 

studied by various researchers. 

 

In their research, De Carvalho et al. (1998) uses one real and two synthetic discrete 

choice stated preference data in order to compare logit and neural network model with 

traditional backpropagation algorithm in terms of their predictive performance on 

forecasting travel demand. Their goodness of fit results showed that neural network 

model couldn’t perform better than logit model, its result is slightly worse than logit 

results. Authors claim that reason behind this would be that the data being constructed 

to fulfil all logit assumptions.  
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Yang et al. (1993) uses neural network models to predict route choice behaviour, 

where with the given alternatives, drivers choose between freeway and side road. 

Results show that neural network model correctly predicts 75% of the data. Similarly, 

Islam et al. (2016) uses neural network models in order to analyse customer 

satisfaction surveys for evaluating public transport services. They ask respondents to 

rank the satisfaction level for different services. They use three different neural 

network models; Generalized Regression Neural Network (GRNN), Probabilistic 

Neural Network (PNN) and Pattern Recognition Neural Network (PRNN). Their 

results show that GRNN and PNN outperformed PRNN, by having around 75% 

prediction accuracy.  

 

Jeng & Fesenmaier (1996) also compare neural network and logit models to predict 

discrete choice models. They use backpropagation algorithm with sum of squared 

errors in the neural network model. Importance ranking of variables from logit model 

is found by the absolute values of the coefficients, the most important variable having 

the highest value. For neural network model, same importance ranking is found by 

part-worth utility, as an estimate for relative contribution of each variable to the total 

variance of the output variable in percentage share. Logit and neural network 

comparison shows that in terms of out-of-sample prediction accuracy, neural network 

model outperforms logit by having 85%, whereas logit model has only 57% accuracy. 

In addition, with respect to variable importance on the decision, there are significant 

differences between logit and neural network models.  

 

In their research, Beuthe et al. (2008) compare conditional logit and neural network 

models on predicting rank preferences of transportation alternatives. For variable 

importance ranking, in conditional logit model researchers use marginal effects, and 

for neural network modelling they use below equations: 

 

𝑈(𝑧𝑖, 𝜃) = ∑ 𝑤𝑗[1 + 𝑒𝑥𝑝(−𝛼𝑗 − 𝛽𝑗𝑧𝑖𝑗)]
−1

𝑛

𝑗=1

 (4.1) 
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𝑊𝑗 =
|𝑢𝑗(𝑧𝑗

𝑚𝑎𝑥) − 𝑢𝑗(𝑧𝑗
𝑚𝑖𝑛)|

∑ |𝑢𝑗(𝑧𝑗
𝑚𝑎𝑥) − 𝑢𝑗(𝑧𝑗

𝑚𝑖𝑛)|𝑛
𝑗=1

 (4.2) 

Where 𝑤𝑗 represents the neural weight of attribute j and all neuron weights are 

constrained as they sum up to 1. 𝑤𝑗 values are multiplied by the logistic regression 

function and summation of each n number of attributes gives the expected utility of 

the respondent. 𝑊𝑗 stands for the effect of attribute j as a parallel approach to marginal 

effects of conditional logit. 
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 DATA 

In this research, we have used two different discrete choice survey data that are 

conducted in order to assess demand for recreational sites. One is from Neher et al. 

(2019) and other one is from Morey et al. (2002). 

 Grand Canyon Boaters Discrete Choice Survey Data 

First data is from Neher et al. (2019). In their study, Neher et al. (2019) calculates 

willingness to pay (WTP) of Grand Canyon boaters with variations in flow level, 

having sandbars or not, level of fluctuation of the river and cost of the trip. Descriptive 

statistics are shown in Table 1. 

Table 1 : Descriptive statistics for boater choice survey. 

Covariate Observations Mean St. Dev. Min Max 

Decision 7,200 0.333 0.471 0 1 

Flow 7,200 13,720.830 14,270.990 0 40,000 

Fluctuation 7,200 0.288 0.453 0 1 

Sandbars 7,200 0.378 0.485 0 1 

Bid 7,200 766.159 981.854 0 2,600 

Flow2 7,200 391.894 572.517 0 1,600 

 

In the survey, individuals are given 2 different choices of boating trip characteristics, 

Trip A and Trip B. They have three different choices: Trip A, Trip B, or neither. There 

are four different boat trip characteristics:  

 Flow: Average river flow level 

 Sandbars: River having sand bars or not 

 Fluctuation: River flow having fluctuation or not 

 Bid: Your individual trip costs increased by: ____$ 

The given amounts for trip cost increase are 0, 90, 275, 1200 and 2600 dollars. 

Average river flow level consists of  5000, 13000, 22000 and 40000. Sand bars and 

Fluctuation are binary variables, being 1 when the boating area has sandy parts for 
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sandy beaches and being 1 when there is fluctuation in river flow, zero otherwise for 

both variables. Flow2 stands for (𝐹𝑙𝑜𝑤/1000)2. 

 

Each question that is asked to respondents is referred to as scenario. Therefore, each 

scenario has 2 alternatives with choosing neither option, in total making 3 options. In 

each scenario; flow, fluctuation and bid amounts are given different for calculating 

WTP of the respondents. There are 409 respondents in the data, each is given 6 

different scenarios, that makes 2454 scenarios in total. Out of these, 54 of them were 

left blank by the respondents therefore were have taken out them from calculations. 

Decision indicates which alternative is chosen: 1 for alternative A, 2 for alternative B 

and 3 for choosing neither. %23 of respondents chose alternative A, %44 chose 

alternative B and %33 chose neither alternatives. 

 Biking Site Choice Discrete Choice Survey Data 

This survey data is from Morey et al. (2002), where they study on the effect of 

alteration in bike site characteristics on the choices of bikers. In the survey, 1390 

number of respondents are given 2 alternatives of biking sites that have different 

attributes, and respondents are expected to choose one alternative. Descriptive 

statistics are represented below:  

Table 2 : Descriptive statistics for biker choice survey. 

Covariate Observations Mean St. Dev. Min Max 

choice 1,390 0.547 0.498 0 1 

dist 1,390 -1.672 5.711 -14 14 

dist*vfc 1,390 -4,457.842 20,240.610 -43,400 40,600 

vfc 1,390 -208.201 949.232 -1,800 1,800 

fee 1,390 -1.792 3.592 -7 4 

vfc*peaks 1,390 -1,184.173 3,027.388 -8,400 6,400 

peaks 1,390 -0.334 1.544 -3 3 

str 1,390 -4.561 9.123 -21 14 

hiker 1,390 -0.565 0.606 -1 1 

experience 1,390 1.960 0.670 1 3 

mont biker 1,390 0.648 0.478 0 1 

age 1,390 29.783 10.003 10 69 
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Site characteristics consist of: 

 Total miles of the trails  

 The miles of single track  

 Total vertical feet of climbing  

 Total number of peaks  

 Usage of hikers or pedestrians in the trial 

 Entry fee 

Since there are two alternatives in the survey, all site characteristics represented in 

Table 2 are differenced values, being as (Alternative A – Alternative B). Total miles 

of the trial options are: 7, 14 or 21 miles. Total miles of single track are: 0, 7, 11 and 

14 miles. Vertical feet of climbing are: 400, 1200 and 2200. Number of peaks options 

are 1, 2 and 4. Proposed entry fees are 1 and 5 dollars.  

 

Along with trial characteristics, individual attributes were also expected to answered 

by the respondents. These are: 

 Age 

 Experience (novice, intermediate, or advanced) 

 Considering oneself as a mountain biker or not (1 for mountain biker, 0 

otherwise) 

Regarding experience, 25% of respondents classify their biking experience level as 

novice, 55% as intermediate and 20% as advanced.  
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 METHODS 

For calculating non-market valuation and decision predictions using stated preference 

survey datasets, neural network models can be used instead of traditional logistic 

regression methods. For testing its usability, first we calculated out-of-sample 

prediction accuracies of both methods and compared them. If out-of-sample prediction 

accuracy of neural network model exceeds traditional regression models, we conclude 

that neural network model can be used instead of traditional methods and continue 

further by analysing how willingness to pay estimation varies with neural network 

model than traditional logistic regression methods. 

 Conditional Logistic Regression 

Conditional logistic regression is first offered by McFadden (1974). How it differs 

from multinomial logit is that with conditional logit, the emphasis is on characteristics 

of alternatives whereas its individual’s characteristics in multinomial logit (Hoffman 

& Duncan, 1988). Empirically, if researcher believes individual features are more 

determinative on the decision, then multinomial logit is more appropriate; whereas if 

individuals make choices depending on the characteristics of the alternatives, 

conditional logit is more suitable for the analysis. Probability models for multinomial 

logit and conditional logit are as follows: 

𝑃𝑖𝑗 =  
𝑒𝑋𝑖𝑗𝛽𝑗

∑ 𝑒  𝑋𝑖𝑗𝛽𝑘𝐽
𝑘=1

 (5) 

 

𝑃𝑖𝑗 =  
𝑒𝑍𝑖𝛼

∑ 𝑒  𝑍𝑖𝛼𝐽
𝑘=1

 (6) 

Where Equation 5 represents conditional logit and Equation 6 is multinomial logit. 𝑋𝑖𝑗 

are characteristics of alternative 𝑗 on individual 𝑖 and 𝑍𝑖 are attributes of individual 𝑖. 
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For both conditional and multinomial logit models, likelihood function is same which 

is shown as: 

𝑙𝑜𝑔 𝐿 =  ∑ ∑ 𝑦𝑖𝑗𝑃𝑖𝑗
𝑗𝑖

  (7) 

Where 𝑦𝑖𝑗 becomes 1 for the chosen alternative, 0 otherwise. 𝑃𝑖𝑗 values differ for 

multinomial and conditional logit regressions. For the surveys that don’t include 

individual attributes, using conditional logit is more appropriate.  

4.1.1 Conditional logistic regression on boater choice survey data 

Conditional logit is used in the paper from Neher et al. (2019) for analysing the 

decisions in Discrete Choice (DC) Stated Preference survey responses. In the DC 

survey, individuals have three choices; Trip A, Trip B or choosing neither trips. Each 

trip has different levels of attributes. Individuals are offered six different scenarios that 

include different Trip A and Trip B options. In total, it is expected from respondents 

to make 6 different choices. With the conditional logit model, individuals choose the 

option that maximizes their utility function which is in the format of below equation: 

𝑈𝑖𝑗 = 𝑉(𝑋𝑖𝑗; 𝛽𝑖) + 𝑒𝑖𝑗  (8) 

Where 𝑈𝑖𝑗 is the utility for individual 𝑖 for the choice option 𝑗 and 𝑋𝑖𝑗 represents the 

attributes of 𝑗 perceived by individual 𝑖. Survey questions don’t include individual 

attributes, therefore utility function doesn’t contain individual characteristics. 𝑒𝑖𝑗 

stands for the stochastic error component. 

 

We use Equation 5 to find predicted probabilities from the utility function shown in 

Equation 8. Then, we measured the accuracy of the out-of-sample prediction of the 

conditional logit model. In order to eliminate non-linearity in the model, squared Flow 

variable is added to the regression. Decision has to be 1 for the chosen alternative and 

0 for the other two. Result of the conditional logit model is shown in Table 3: 
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Table 3 : Conditional logit on boater choice. 

 

 

 

 

 

 

 

 

 

Flow variable is found by dividing actual flow level by 1000, and Flow2 is its squared 

value. In order to make a robust comparison with neural network model, we used same 

dataset for each analysis. Thus, we normalized the data so that each variable would 

have values between 0 and 1, 0 being the minimum and 1 being maximum for each 

variable respectively. Normalization is done with the following equation: 

 

𝑥𝑖,𝑁 =  
𝑥𝑖 − min (𝑥)∀(𝑥)

max(𝑥) ∀(𝑥) − min (𝑥)∀(𝑥)
  (9) 

 

Where 𝑥𝑖,𝑁 stands for the normalized input 𝑥 for 𝑖th observation. For finding accuracy 

measure of this model, we divided the data as train and test being randomly selected 

80% and 20% of whole sample respectively. After dividing the data, we fit trained 

conditional logit model on test sample to find out-of-sample prediction accuracy. 

Estimated probabilities of conditional logit model are found by extracting log-odds as 

probabilities scaled on logit model. The probability of choosing alternative 𝑚 is 

represented as: 

𝑃𝑖(𝑚) =
exp [𝑈(𝑋𝑖𝑚|𝛽)]

∑ exp [𝑈(𝑋𝑖𝑚|𝛽)]𝑖𝑗
  (10) 

Since these probabilities belong to groups of three choices, we expect that an 

individual would choose the alternative that gives the highest predicted probability 

out of three choices. 

 
Dependent variable: 

Scenario 

Flow 0.038*** 

(0.007) 

Flow2 -0.001*** 

(0.0002) 

Fluctuation -0.002 

(0.059) 

Sandbars -0.107* 

(0.056) 

Bid -0.0003*** 

(0.00003) 

Observations 2,400 

Note: *p<0.1; **p<0.05; ***p<0.01 
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4.1.2 Logistic regression on biker choice survey data 

Another data that was used in this analysis is from Morey et al. (2002). The paper 

evaluates survey questions asked to bikers for assessing the effect of alterations in 

biking sites on their choices. In order to understand the effect of introducing entrance 

fee, number of trails and opening biking site to hikers and pedestrians on bikers’ 

decision, consumer surplus is calculated for alteration in site characteristics and 

compensating variations from the alterations are found for evaluating willingness to 

pay.  

 

For this data, random utility model (RUM) is used for the analysis, that is represented 

as: 

𝑈𝑖𝑗 = 𝑉𝑖𝑗 + 𝜀𝑖𝑗  (11.1) 

Where 𝑉𝑖𝑗 stands for function of trail and individual attributes and 𝜀𝑖𝑗 is the error term. 

𝑉𝑖𝑗 = 𝑉(𝑍𝑗 , 𝑆𝑖)  (11.2) 

𝑆𝑖 are attributes of individual 𝑖 and 𝑍𝑗 represents the characteristics of site 𝑗. Individual 

specific attributes are age, experience and bikers considering themselves as mountain 

biker or not. Alternative specific attributes are distance, vertical feet climbing (vfc), 

miles of single track (str), entrance fee, trial having hiker and pedestrian permission, 

number of peaks, distance of trial, distance*vfc and vfc*number of peaks. Since there 

are only two choices, simple logistic regression is used for probability prediction. 

Result of whole sample is presented in Table 4: 

 

 

 

 

 

 



19 

Table 4 : Logit on biker choice. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

For alternative specific attributes, their difference is taken and coded as a single 

variable; i.e. dist variable represents the difference of distances in both alternatives 

(Alternative A – Alternative B). 

 

After normalizing the data with Equation 9, out-of-sample prediction accuracy is 

calculated by dividing the data into randomly selected 80% and 20%, called as train 

and test samples, respectively. Above logistic regression model is fit on train sample, 

then the resulted model’s prediction accuracy is calculated by implementing the model 

on the test sample. This process is also called “k-fold cross validation” where k denotes 

the number of test and train samples. If k equals 10, that means the process will be 

 
Dependent variable: 

Choice 

dist 1.147* 

(0.670) 

dist*vfc -2.724** 

(1.246) 

vfc 0.922 

(0.865) 

fee -0.491 

(0.371) 

vfc*peaks 2.507*** 

(0.815) 

peaks -0.403 

(0.467) 

str 0.980** 

(0.497) 

hiker -1.249*** 

(0.234) 

experience 0.064 

(0.172) 

mont_biker -0.119 

(0.127) 

age 0.403 

(0.343) 

Constant -0.544* 

(0.309) 

Observations 1,390 

Note: *p<0.1; **p<0.05; ***p<0.01 
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implemented 10 times and average out-of-sample accuracy will be calculated from 

resulting accuracy measures of these 10 runs. 

 

For this dataset, the logit model is implemented on randomly selected train samples 

and predicted probability accuracies are calculated by implementing same model on 

test samples for 10 times. If predicted probability is higher than 0.5, we conclude that 

predicted choice will be Alternative A, Alternative B otherwise. In whole sample, 55% 

of the respondents choose Alternative A and the model correctly predicts 62% of 

whole sample. 

 Artificial Neural Network (ANN) 

In this research, along with traditional logistic regression models, we used single and 

multi-layer ANN models to analyse the prediction accuracies on discrete choice stated 

preference surveys implemented for biking site and boating river choices. A simple 

ANN model starts with input variables (𝑥) as signals represented as nodes and hidden 

layers. A single layer neural network illustration is represented as: 

 

Figure 1 : An ANN model example. 

Mathematical representation of Figure 1 is as follows: 

𝑢𝑘 = ∑ 𝑤𝑘𝑗𝑥𝑗

𝑚

𝑗=1

  (12.1) 
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𝑦𝑘 = 𝜑(𝑢𝑘 + 𝑏𝑘)  (12.2) 

Where 𝑢𝑘 + 𝑏𝑘 = 𝑣 

𝜑(𝑣) =
1

1 + exp(−𝑣)
  (12.3) 

Where 𝑤𝑘𝑗 represents the weight of node j to node k in corresponding layers, that is 

initialized as random numbers, 𝑥𝑗 is the input signal j. 𝑏𝑘 is the bias for node k, 

represented as blue nodes in the figure. The summation at Equation 12.1 goes into 

activation function 𝜑, which is simple logistic function in our models. This process is 

called forward propagation (Haykin, 1999). In terms of econometrical terminology, 

signals are variables, weights can be referred as coefficients 𝛽𝑖 where 𝑖 = 1, … , 𝑚 and 

biases are 𝛽0 values, without a learning process. Thus, a single node neural network 

would be same as running traditional logistic regression model on the variables, 

because input variables would be used in one logistic regression and predicted output 

would be calculated from this model. The biggest difference of ANN’s from traditional 

logit is the “learning process” where weight justification is done with respect to the 

error of the model. 

 

Weight justification in our biking site model is done with traditional backpropagation 

algorithm and error calculated by taking “sum of squared error” as: 

𝑒𝑘(𝑛) = 𝑑𝑘(𝑛) − 𝑦𝑘(𝑛)  (13) 

𝑑𝑘(𝑛) denotes the desired, or real output and 𝑦𝑘(𝑛) is the output that was created by 

the model. Error is simply calculated by taking the difference. Aim of ANN model is 

to converge to 𝑑𝑘(𝑛). According to the error 𝑒𝑘(𝑛), model alters weights 𝑤𝑘𝑗  and 

runs again. The change in weights is done with a process called “backpropagation”.  

Models we use in the research are multilayer neural network models, thus there exists 

one or more hidden layers. For C number of output neurons total error is shown as: 
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𝜀(𝑛) =
1

2
∑ 𝑒𝑗

2(𝑛)

 

𝑗 ∈𝐶

 
 (14.1) 

The averaged squared error of all C neurons gives the “cost function” (loss function): 

𝜀𝑎𝑣(𝑛) =
1

𝑁
∑ 𝜀(𝑛)

 

𝑗 ∈𝐶

 
 (14.2) 

For minimizing the cost function, weight correction is done by taking partial derivative 

of the cost function of node n to the corresponding weight that is assigned. According 

to the chain rule: 

𝜕𝜀(𝑛)

𝜕𝑤𝑗𝑖(𝑛)
=

𝜕𝜀(𝑛)

𝜕𝑒𝑗(𝑛)

𝜕𝑒𝑗(𝑛)

𝜕𝑦𝑗(𝑛)

𝜕𝑦𝑗(𝑛)

𝜕𝑣𝑗(𝑛)

𝜕𝑣𝑗(𝑛)

𝜕𝑤𝑗𝑖(𝑛)
  (15.1) 

Since: 

𝜕𝜀(𝑛)

𝜕𝑒𝑗(𝑛)
= 𝑒𝑗(𝑛)  (15.2) 

 

𝜕𝑒𝑗(𝑛)

𝜕𝑦𝑗(𝑛)
= −1  (15.3) 

 

𝜕𝑦𝑗(𝑛)

𝜕𝑣𝑗(𝑛)
= 𝜑𝒋

′(𝑣𝑗(𝑛))  (15.4) 

For multi-layer network 𝑣𝑘 becomes 𝑣𝑘 = ∑ 𝑤𝑘𝑗𝑦𝑗
𝑚
𝑗=1  therefore: 

𝜕𝑣𝑗(𝑛)

𝜕𝑤𝑗𝑖(𝑛)
= 𝑦𝑗(𝑛)  (15.5) 

𝜕𝜀(𝑛)

𝜕𝑤𝑗𝑖(𝑛)
 equation becomes −𝑒𝑗(𝑛) 𝜑𝒋

′(𝑣𝑗(𝑛))𝑦𝑗(𝑛), which is called as “gradient 

descent”. Weight justification is done by multiplying learning rate 𝜂 with gradient 

descent. Thus,  
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∆𝑤𝑗𝑖(𝑛) =  𝜂
𝜕𝜀(𝑛)

𝜕𝑤𝑗𝑖(𝑛)
  (16) 

Backpropagation algorithm stops when ∆𝑤𝑗𝑖(𝑛) becomes a very small decimal 

number.  

 

For boaters’ choice survey ANN model, the algorithm is resilient backpropagation and 

error function is cross-entropy. Resilient backpropagation algorithm is first offered by 

Riedmiller & Braun (1993), as a faster backpropagation learning. The difference of 

resilient back propagation is that instead of using magnitude of derivate 
𝜕𝜀(𝑛)

𝜕𝑤𝑗𝑖(𝑛)
 in 

Equation 16, the derivative’s sign is used. If the sign doesn’t change from previous 

iteration, the updated value (∆𝑖𝑗) is large, being higher than 1, whereas if the sign 

changes; which indicates a jump from minimum error because of large step, therefore 

update value is lessen to being between 0 and 1 in order not to skip the minimum error 

value.  

 

After weight update value determination, weight update sign is determined by the sign 

of 
𝜕𝜀(𝑛)

𝜕𝑤𝑗𝑖(𝑛)
. If sign of the derivative is negative, meaning decreasing error, update value 

is added to previous weight, otherwise; if error gradient is positive (increasing error) 

then update weight is subtracted in order to reach the minimum error value. When 

partial derivative changes sign, indicating minimum error is skipped, new weight 

becomes: 

∆𝑤𝑖𝑗
(𝑡)

=  −∆𝑤𝑖𝑗
(𝑡−1)

, 𝑖𝑓 
𝜕𝜀(𝑛)

𝜕𝑤𝑗𝑖(𝑛)

(𝑡−1)

∗  
𝜕𝜀(𝑛)

𝜕𝑤𝑗𝑖(𝑛)

(𝑡)

< 0  (17) 

Where t denotes steps. In this case, weight is set to its previous state. In order not to 

repeat same process again, 
𝜕𝜀(𝑛)

𝜕𝑤𝑗𝑖(𝑛)

(𝑡−1)

 is set to zero. 

 

For boater choice survey ANN model, instead of using sum of squared errors, we 

derived error function by cross entropy method that is shown as: 
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𝜀(𝑛) = −
1

𝑛
∑[𝑑 ∗ 𝑙𝑛𝑦 + (1 − 𝑑) ∗ 𝑙𝑛(1 − 𝑦)]

 

𝑥

 
 (18) 

Cross entropy loss function is always positive and for the desired and actual values 

that are closer to each other (when 𝑑 = 0 and y is almost 0 and 𝑑 = 1 and y almost 

equals to 1), 𝜀(𝑛) becomes smaller. Cross entropy method differs from sum of squared 

errors by its ability to prevent learning rate becoming slower (Nielsen, 2015). With 

cross entropy, error derivative becomes: 

𝜕𝜀(𝑛)

𝜕𝑤𝑗(𝑛)
= −

1

𝑛
∑ (

𝑑

𝜑(𝑣)
+

1 − 𝑑

1 − 𝜑(𝑣)
)

𝜕𝜑(𝑣)

𝜕𝑤𝑗(𝑛)

 

𝑥

  (19.1) 

 

= −
1

𝑛
∑ (

𝑑

𝜑(𝑣)
+

1 − 𝑑

1 − 𝜑(𝑣)
) 𝜑′(𝑣)𝑥𝑗

 

𝑥

 
 (19.2) 

 

= −
1

𝑛
∑

𝜑′(𝑣)𝑥𝑗

𝜑(𝑣)(1 − 𝜑(𝑣))
(𝜑(𝑣) − 𝑑)

 

𝑥

  (19.3) 

From Equation 12.3, 𝜑′(𝑣) =  𝜑(𝑣)(1 − 𝜑(𝑣)), therefore above equation becomes: 

𝜕𝜀(𝑛)

𝜕𝑤𝑗(𝑛)
= −

1

𝑛
∑ 𝑥𝑗(

 

𝑥

𝜑(𝑣) − 𝑑) 
 (19.4) 

Equation 19.4 shows that with cross entropy cost function, weight is modified by the 

error amount itself, that is 𝜑(𝑣) − 𝑑. Thus, if error amount is high, weight update will 

be large, or small otherwise, which acquires learning to be faster. Also, learning 

becoming slower after a point in sum of squared error function is caused by 𝜑𝒋
′(𝑣𝑗(𝑛)) 

term in the calculation becoming too small. Cross entropy avoids this problem by 

eliminating this term in the calculations.  
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4.2.1 ANN on boater choice survey data 

We implemented a multi-layer neural network algorithm on wide format discrete 

choice stated preference survey data. Three different decision variables were created: 

l1 for choosing alternative A, l2 for choosing alternative B and l3 for choosing neither 

alternatives. The ANN model has 15 input signals as 15 different variables. Flow, 

fluctuation, sandbars and bid for each 3 alternatives, being 0 for choosing neither 

option. We also created (𝐹𝑙𝑜𝑤/1000)2, coded as Flow2. 1, 2 and 3 after the dots 

represent alternative A, alternative B and neither alternatives, respectively. The model 

is a multilayer neural network with two hidden layers each having 10 and 7 nodes. 

Activation function is logistic (sigmoid) and cross entropy cost function is used. 

Resilient backpropagation algorithm is used for learning process. The model before 

iterations is illustrated as: 

 

Figure 2 : ANN model for boaters’ choice survey. 
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In Figure 2, blue nodes represent biases as 𝑏𝑘, k being 1 to 3 and variables stand for 

𝑥𝑖values 𝑖 being 1 to 15. Weights are updated according to resilient back propagation 

method and errors are calculated by cross entropy function. 

 

First, data is normalized with Equation 9. After normalization, we divide the data into 

randomly selected test and train samples, 80% of whole sample for training sample set 

and 20% for test sample set. We fit the model into train sample and use that model on 

test sample to find the out-of-sample prediction accuracy. In order to reduce 

overfitting, learning stops at the iteration where the change in error, which is 

represented as threshold in neuralnet package of R (Günther & Fritsch, 2010), is less 

than 6%. Model is fitted for 30 runs and average out-of-sample prediction accuracy is 

calculated from these iterations by randomly selecting different samples that are 

trained in the model and tested for cross validation. Resulting accuracy is found by 

taking average of all accuracy levels for 30 iterations. 

4.2.2 ANN on biker choice survey data 

For biker site choice survey, we used single layer ANN model that has 4 hidden nodes 

with sum of squared error model, sigmoid activation function and traditional 

backpropagation algorithm where learning rate 𝜂 being 0.001. For eliminating 

overfitting, threshold, which is percentage change in error at each iteration, is set to 

6.5%. That means, neural network will stop learning when the percentage change in 

error reduction will be less than 6.5. Output variable, choice represents the probability 

of choosing alternative A. Model before iterations is as being showed in Figure 3: 
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Figure 3 : ANN model for bikers’ site choice survey. 

Blue nodes represent bias values. Predicted choice being higher than 0.5 indicates that 

the prediction is Alternative A. 

 

Normalized data by Equation 9 is divided to randomly selected 80% as training and 

20% for testing in order to calculate out-of-sample prediction.  

 WTP Estimation Comparison: Logit and ANN Models 

For an accurate willingness to pay estimation, both the choice of parameters and 

calculation of coefficients of those parameters are needed. Thus, in this research, we 

compared logit and neural network models in terms of parameter selection (variable 

importance) and coefficient estimations. For the datasets that have more accurate 

predictions with neural network model, we continued with finding and comparing 

marginal effects of logit and neural network for assessing variable importance, and 
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coefficients of logit models and generalized weights of ANN models in order to 

compare willingness to pay estimations. 

 

In traditional logistic regression models, marginal effects are used to assess the 

alteration of predicted probabilities with the changes in input covariates. As simple 

logistic (sigmoid) regression is shown on Equation 12.3, 𝑣 is replaced by the utility 

function, 𝑥𝛽. Thus, the probability of choosing alternative A becomes: 

𝑃𝑟(𝑦 = 1) =
1

1 + exp(−𝑥𝛽)
  (20.1) 

In order to find marginal effects of 𝑥 variables, we need to derive the change in the 

probability of choosing alternative A on the change of variable 𝑥𝑖,  

𝜕𝑃𝑟(𝑦 = 1)

𝜕𝑥𝑖
=

𝑒𝑥𝑝(𝑥𝛽)

1 + exp(𝑥𝛽)2

𝜕𝑥𝛽

𝜕𝑥𝑖
  (20.2) 

 

= 𝑃𝑟(𝑦 = 1) ∗  𝑃𝑟(𝑦 = 0) ∗  𝛽𝑖   (20.3) 

Average marginal effects are used in our analyses, as taking average of marginal 

effects at each observation. 

 

For finding same average marginal effect measure of the neural network model, we 

first wrote functional form of the model being as: 

𝑦 = 𝑓 (∑ 𝑤𝑘𝑗
2

𝑛

𝑗=1

∗ 𝑓 (∑ 𝑤𝑘𝑗
1 𝑥𝑗

1 + 𝑏𝑘
1

𝑚

𝑗=1

) + 𝑏𝑘
2)  (21) 

Where 𝑥𝑗
1 represents input nodes and 𝑏 values are biases. 𝑓 function is simple logistic 

regression: 

𝑓 =
𝑒𝑥𝑝 (𝑥)

1 + 𝑒𝑥𝑝 (𝑥)
  (22) 
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We first implemented neural network model, and calculated weights (𝑤) and biases 

(𝑏) values. In order to estimate the same marginal effect calculation with logit model, 

we calculated partial derivative 
𝜕𝑦(𝑥𝑖)

𝜕𝑥𝑖
, where 𝑖 is the number of observations. Then, 

measured the average of marginal effects for all observations in order to equivalate 

average marginal effects of logit. In addition to marginal effects comparison, we also 

calculated and compared coefficient estimations of two methods, that are shown in 

Results section. 
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 RESULTS 

 Boater Choice Survey Data Logit and ANN Prediction Accuracy 

Comparison 

We regressed conditional logit on training sample and implemented the model on test 

sample to calculate prediction accuracy. In order to achieve more robust results, 

process is done on 30 different randomly selected test and train samples and prediction 

accuracies for both ANN and conditional logit model are calculated on the same 

datasets. Accuracy measures are as follows: 

 

Figure 4 : Prediction accuracy comparison of boater choice survey. 
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First plot in Figure 4 belongs to conditional logit accuracy results and second plot is 

from ANN model accuracy. Black line shows average accuracy measures. It can be 

seen that average conditional logit out-of-sample accuracy is around 61% whereas for 

ANN model, average accuracy is almost 60%. Since ANN model out-of-sample 

prediction accuracy didn’t give better results than conditional logit model, we didn’t 

conduct further WTP estimation analysis using ANN model on boaters’ choice survey 

data. 

 Biker Choice Survey Data Logit and ANN Prediction Accuracy Comparison 

For biker choice survey data, out-of-sample prediction accuracies for 10 iterations are 

shown in Figure 5: 

 

Figure 5 : Prediction accuracy comparison of biker choice survey. 
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First plot belongs to simple logit and second one is from ANN model. Black line shows 

average accuracy. Average logit accuracy is around 58.8% whereas ANN model gives 

61.1% accuracy on average.  

5.2.1 Biker choice survey WTP comparison between logit and ANN 

ANN model of bikers’ site choice survey data gave higher performance in terms of 

out-of-sample prediction accuracy comparing with traditional logit. Therefore, we 

further continued on this model by calculating and comparing willingness to pay 

estimations in terms of variable importance in order to decide which ones to include 

in WTP calculation, and their coefficients. First, we found average marginal effects of 

logit model and generalized weights of ANN model. Average marginal effects (AME) 

of the logit model of the full dataset are shown in Table 5. 

Table 5 : Logit average marginal effects of biker choice survey. 

Covariate AME SE z p lower upper 

age 0.10 0.08 1.18 0.24 -0.06 0.25 

dist_vfc -0.64 0.29 -2.20 0.03 -1.21 -0.07 

dist 0.27 0.16 1.72 0.09 -0.04 0.58 

experience 0.01 0.04 0.37 0.71 -0.06 0.09 

fee -0.12 0.09 -1.33 0.18 -0.29 0.06 

hiker -0.29 0.05 -5.57 0 -0.40 -0.19 

mont_biker -0.03 0.03 -0.95 0.35 -0.09 0.03 

peaks -0.10 0.11 -0.86 0.39 -0.31 0.12 

str 0.23 0.12 1.98 0.05 0 0.46 

vfc_peaks 0.59 0.19 3.12 0 0.22 0.96 

vfc 0.22 0.20 1.07 0.29 -0.18 0.62 

 

From Table 5, p values of average marginal effects demonstrate that dist*vfc, hiker, 

str and vfc*peaks are statistically significant at 5% confidence level. This indicates 

that these covariates are significantly effective on the decision of bikers while choosing 

trial sites. Figure 6 shows comparison between average marginal effects of logit and 

neural network models: 
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Figure 6 : Marginal effects of biking site choice dataset. 
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are upper and lower confidence levels for the corresponding AME. MNN represents 

average marginal effects of neural network model. LNN and UNN are lower and upper 

confidence levels for ANN model respectively. In addition to visualization, welch t-

test showed that dist*vfc, fee, vfc*peaks, peaks, str, hiker, mont_biker and age have 

statistically significantly different average marginal effects for logit and neural 

network models at 1% confidence level.  

 

After marginal effect comparison, we compared coefficient estimates of neural 

network and logit models. For calculation of neural network coefficients, we used 

generalized weights. Generalized weight calculations on neural network models were 

first offered by Intrator & Intrator (2001), as a parallel approach to coefficients of logit 

models for finding effect of each variable 𝑥𝑖 on the output of ANN model, 𝑦. 

Mathematical representation of generalized weights can be shown as: 

𝑊𝑖 =  
𝜕log [

𝑦(𝑥)
1 − 𝑦(𝑥)

]

𝜕𝑥𝑖
  (24) 

The generalized weight of variable 𝑥𝑖 depends on all input variables, 𝑥. Small variance 

of 𝑊𝑖 shows that 𝑥𝑖 covariate mostly has linear effect on the output. In order to 

compare average marginal effects with generalized weights, we took average of 𝑊𝑖 

values of all observations. The similarity between generalized weights and coefficient 

of logit comes from following equation: 

𝑙 = log [
𝑝(𝑥)

1 − 𝑝(𝑥)
] = 𝛽0 + 𝛽1𝑥1 + 𝛽2𝑥2 … + 𝛽𝑛𝑥𝑛  (25) 

Above equation represent logistic regression, where 𝑙 represents log-odds. From 

Equation 25, the derivative of log-odds with respect to covariates (
𝜕log [

𝑝(𝑥)

1−𝑝(𝑥)
]

𝜕𝑥𝑖
) would 

acquire us 𝛽 coefficients, which is the same equation of generalized weights 

calculation. Figure 7 demonstrates the comparison between coefficients and 

generalized weights: 
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Figure 7 : Coefficients of biking site choice dataset. 

UCL and LCL represent upper confidence level and lower confidence level for logit 
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 CONCLUSION 

For more accurate willingness to pay estimations, neural network models might be 

used instead of traditional logistic regressions because neural network gives more 

accurate out-of-sample prediction accuracies when data has non-linearity. In addition, 

neural networks are designed to make more accurate predictions and they perform 

better with big datasets. Artificial neural networks are designed as an improved model 

of logistic regression. Thus, instead of using traditional logistic regression on WTP 

calculation, more accurate WTP estimation could be derived with an improved model, 

which is artificial neural network. WTP estimations are used for recreational site 

alteration decisions, for example decision of introducing an entrance fee. Therefore, 

more accurate WTP estimation means more accurate decisions on recreational sites. 

In this research, we compared traditional methods with neural network in terms of 

accuracy in willingness to pay estimations for discrete choice stated preference 

surveys.  

 

Both datasets that we used are for estimating recreational site choice demand. In the 

first one, boaters evaluate river attributes and in the other one bikers evaluate biking 

site characteristics. In the boaters’ choice survey, individuals are given two alternatives 

with a neither option which makes three alternatives in total, therefore we used 

conditional logit for its modelling. For neither option, we set all attributes to be zero. 

As a result, we couldn’t find any evidence that neural network outperforming simple 

logistic regression in terms of predictive performance. Reason behind this might be 

because neither option has zero values for all attributes and neural network model 

couldn’t learn properly from choosing neither option. In addition, another reason might 

be that the dataset perfectly satisfies all logit assumptions. 

 

For bikers’ choice survey dataset, respondents were given only two alternatives to 

choose from without a neither option. Thus, for this dataset we conducted simple 
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logistic regression. Results demonstrated that neural network model fit better to the 

dataset, giving approximately 2.3% higher out-of-sample prediction accuracy. Since 

neural network model gave better results, we further continued on assessing the 

variables which are important on the decision of choosing a recreational site 

alternative. These variables would be used in willingness to pay estimations. We 

implemented two sample t-test in order to compare average marginal effect of each 

variable for neural network and logit models. Confidence intervals for generalized 

weights are calculated by bootstrapping. Results showed that dist*vfc, fee, vfc*peaks, 

peaks, str, hiker, mont_biker and age variables’ marginal effects are statistically 

significantly different at 1% level. In terms of coefficients, for dist*vfc, vfc, str, hiker 

and mont_biker variables are different at the same confidence level. For discrete 

choice stated preference dataset that has more than 1000 observations with two choice 

alternatives, we found evidence that neural network performs better than traditional 

logistic regression in terms of out-of-sample prediction accuracy. In addition, we also 

found evidence that with neural network model, variable importance estimations 

(marginal effects) and their coefficients are significantly different than traditional logit 

model; which indicates the decisions of changes in recreational sites would be different 

with using neural network model.  
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