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SHORT SUMMARY 

 

We propose a variation of the classical Control Function (CF) method, called Control Function 

Updated (CFU), which considers updating the endogeneity correction using information from the 

future equilibria. The proposed method is assessed using Monte Carlo simulation for a strategic 

transport model affected by three endogeneity sources, examining the equilibrium results for 

various future scenarios. We compare the CFU method by doing nothing and with the classical 

CF approach. The forecasts are evaluated in terms of recovering the true (simulated) travel times 

and two indices of fit. Results show that the endogenous (do nothing) model produces large biases 

in simulated travel times and poor goodness-of-fit measures that steeply worsen with time in 

future scenarios. The corrected models perform much better and, in particular, the new CFU 

approach shows statistically significant improvements over the classical approach in all scenarios 

tested. 

 

Keywords: Endogeneity, discrete choice models, forecasting, control function, strategic transport 

models. 

 

1. INTRODUCTION AND MOTIVATION 
 

The correction of endogeneity in strategic mode choice models using the CF approach has been 

addressed recently by Guerrero et al. (2020). However, in this paper, we address the important 

question of how to make forecasts with such models in the case of strategic supply-demand 

equilibration settings. Guevara and Ben-Akiva (2012) proposed an approach to forecasting with 

models that have been corrected for endogeneity using the CF method. However, their approach 

has the limitation of assuming exogenous shifts to analyse future scenarios, making it unsuitable 

for a supply-demand equilibration context where, for example, travel time is the result of a future 

equilibrium. To address this limitation, we suggest a new approach, the Control Function Updated 

(CFU) method. It allows correcting for endogeneity when models are used to forecast demand 

after changes in level-of-service variables determined at equilibrium for future scenarios (e.g. 10 

to 40 years ahead from the calibration year). 

 

To test our proposed approach, we used simulated data. We considered three typical sources of 

endogeneity that may occur in strategic transport models: (i) measurement error, (ii) omitted 

variables and (iii) the simultaneous estimation of key variables in a supply-demand equilibration 

mechanism. We also considered six transport modes, in an attempt to emulate the application of 

a strategic transport model in an urban case. Future scenarios were assessed considering 

exogenous changes in the explanatory variables. 
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In this setting, we compared three different approaches: (i) do nothing (i.e., no endogeneity 

correction), (ii) the CF approach of Guevara and Ben-Akiva (2012) and (iii) our proposed CFU 

procedure. The forecasts were evaluated in terms of the recovery of the true (simulated) travel 

time, the logarithm of the likelihood expected value - 𝐸(𝑙(𝜃)), and the Akaike Information 

Criteria’s expected value - 𝐸(𝐴𝐼𝐶) (Akaike 1974) for the future scenarios 10 to 40 years ahead. 

 

2. ADDRESSING ENDOGENEITY USING THE CF APPROACH AND THE 

CFU METHOD 
 

The CF approach 

 

The CF approach's idea is attributed to Heckman (1978), who first developed it to correct 

endogeneity in a simultaneous equation problem. The CF classical version can be applied 

following a two-stage procedure or simultaneously (Train 2009). 

Guevara and Ben-Akiva (2012) considered how to forecast and simulate in practice using the CF 

method under exogenous shifts. Formally, the estimation of the probability 𝑃𝑖𝑛
1  given Gumbel 

errors corresponds to the following multinomial logit expression: 

 

𝑃𝑖𝑛
1 =

𝑒
𝐴𝑆𝐶̂𝑖+𝛽̂𝑡𝑡̃𝑖𝑛

1 +𝛽̂𝑐𝑐̃𝑖𝑛
1 +𝛽̂

𝛿̂𝑡
𝛿̂𝑖𝑛
𝑡 +𝛽̂

𝛿̂𝑐
𝛿̂𝑖𝑛
𝑐

∑ 𝑒
𝐴𝑆𝐶̂𝑗+𝛽̂𝑡𝑡̃𝑗𝑛

1 +𝛽̂𝑐𝑐̃𝑗𝑛
1 +𝛽̂

𝛿̂𝑡
𝛿̂𝑗𝑛
𝑡 +𝛽̂

𝛿̂𝑐
𝛿̂𝑗𝑛
𝑐

𝑗 ∈ 𝐴

 (1) 

 

where the parameters 𝐴𝑆𝐶̂𝑖 and 𝛽̂ in (1) are estimators obtained following the two-stage CF 

approach shown previously. Here, the superscript 1 is used to highlight that the model attributes 

vary in the forecasting phase; however, 𝛿𝑖𝑛 is fixed. This last comment is crucial because unlike 

Guevara and Ben-Akiva (2012), we hypothesize that in future scenarios (where new supply-

demand equilibria are reached) the CF approach’s first stage must be updated. Namely, the 

instruments and level-of-service attributes might endogenously change in future scenarios. If this 

is not corrected, it may cause biases as we will show later. On the other hand, if the CF approach's 

simultaneous (one-stage) procedure is preferred, forecasting would follow (2): 

 

𝑃𝑖𝑛
1 =

𝑒
𝐴𝑆𝐶̂𝑖+𝛽̂𝑡𝑡̃𝑖𝑛

1 +𝛽̂𝑐𝑐̃𝑖𝑛
1 +𝛽̂

𝛿̂𝑡
(𝑡̃𝑖𝑛−𝛼̂𝑡−𝛾̂𝑧

𝑡𝑧𝑖𝑛
0 −𝛾̂𝑓𝑓𝑡

𝑡 𝑓𝑓𝑡𝑖𝑛
0 )+𝛽̂

𝛿̂𝑐
(𝑐̃𝑖𝑛−𝛼̂𝑐−𝛾̂𝑧

𝑐𝑧𝑖𝑛
0 −𝛾̂𝑓𝑓𝑡

𝑐 𝑓𝑓𝑡𝑖𝑛
0 )

∑ 𝑒
𝐴𝑆𝐶̂𝑗+𝛽̂𝑡𝑡̃𝑗𝑛

1 +𝛽̂𝑐𝑐̃𝑗𝑛
1 +𝛽̂

𝛿̂𝑡
(𝑡̃𝑗𝑛−𝛼̂𝑡−𝛾̂𝑧

𝑡𝑧𝑗𝑛
0 −𝛾̂𝑓𝑓𝑡

𝑡 𝑓𝑓𝑡𝑗𝑛
0 )+𝛽̂

𝛿̂𝑐
(𝑐̃𝑗𝑛−𝛼̂𝑐−𝛾̂𝑧

𝑐𝑧𝑗𝑛
0 −𝛾̂𝑓𝑓𝑡

𝑐 𝑓𝑓𝑡𝑗𝑛
0 )

𝑗 ∈ 𝐴

  (2) 

 

where, superscript 0 indicates data coming from the sample used for estimation and superscript 1 

indicates attributes that vary in the forecasting phase (Guevara and Ben-Akiva 2012). 

 

The CFU method 

 

For explanatory purposes, we continue using the superscript 0 to indicate data coming from the 

sample used for estimation and the superscript 1 to indicate attributes that vary in the forecasting 

phase. The proposed CFU method for forecasting consists in considering that the residuals from 

the first stage of the CF approach for the future scenarios must be obtained using the value of the 

instruments for the year of forecasting (𝑧𝑖𝑛
1  and 𝑓𝑓𝑡𝑖𝑛

1 ) instead of 𝑧𝑖𝑛
0  and 𝑓𝑓𝑡𝑖𝑛

0  in (8) and (9). 

Therefore, these new residuals are identified as 𝛿𝑖𝑛
1𝑡 and 𝛿𝑖𝑛

1𝑐. They are obtained applying an OLS 

regression of 𝑐̃𝑖𝑛
1  and 𝑡̃𝑖𝑛

1  on the exogenous variables in the DCM and the instruments. In this way, 

the CFU approach's first stage is represented in (3) and (4): 

 

𝑡̃𝑖𝑛
1 = 𝛼𝑡 + 𝛾𝑧

𝑡𝑧𝑖𝑛
1 + 𝛾𝑓𝑓𝑡

𝑡 𝑓𝑓𝑡𝑖𝑛
1 + 𝛿𝑖𝑛

1𝑡       
𝑂𝐿𝑆
→         𝛿𝑖𝑛

1𝑡= 𝑡̃𝑖𝑛
1 − 𝑡𝑖𝑛

1   (3) 
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𝑐̃𝑖𝑛
1 = 𝛼𝑐 + 𝛾𝑧

𝑐𝑧𝑖𝑛
1 + 𝛾𝑓𝑓𝑡

𝑐 𝑓𝑓𝑡𝑖𝑛
1 + 𝛿𝑖𝑛

1𝑐      
𝑂𝐿𝑆
→         𝛿𝑖𝑛

1𝑐= 𝑐̃𝑖𝑛
1 − 𝑐𝑖𝑛

1   (4) 

 

where, 𝛼 is the intercept of the regression model, 𝛾𝑧 and 𝛾𝑓𝑓𝑡 are parameters to be estimated for 

the exogenous attributes 𝑧𝑖𝑛
1  and 𝑓𝑓𝑡𝑖𝑛

1 , respectively. Finally, 𝛿𝑖𝑛
1  is the error term of the regression 

model. 

 

For the second stage of the CFU approach, 𝛿𝑖𝑛
1𝑐 and 𝛿𝑖𝑛

1𝑡 are added as explanatory variables within 

the utility function. However, the choices are unknown; therefore, we use 𝑃𝑖𝑛
1  coming from (1) or 

(2) as a proxy of the choice. Furthermore, it is known that forecasting in transport planning and 

social evaluation projects requires the parameters estimated for the calibration year (i.e. 𝐴𝑆𝐶̂𝑖, 𝛽̂𝑡 

and 𝛽̂𝑐). The attribute vectors (𝑡̃𝑖𝑛
1 , 𝑐̃𝑖𝑛

1 , 𝛿̂𝑖𝑛
1𝑐 and 𝛿𝑖𝑛

1𝑡) are known for the modeller, therefore the 

only unknown elements are 𝛽̂𝛿̂1𝑐 and 𝛽̂𝛿̂1𝑡. These can be re-estimated using the linear regression 

in (5), which can be seen as an application of the Berkson-Theil transformation procedure 

(Ortúzar and Willumsen 2011). 

 

𝐿𝑛
𝑃𝑖𝑛
1

𝑃𝑗𝑛
1 = (𝐴𝑆𝐶̂𝑖 − 𝐴𝑆𝐶̂𝑗) + 𝛽̂𝑡(𝑡̃𝑖𝑛

1 − 𝑡̃𝑗𝑛
1 ) + 𝛽̂𝑐(𝑐̃𝑖𝑛

1 − 𝑐̃𝑗𝑛
1 ) + 𝛽𝛿̂1𝑐(𝛿̂𝑖𝑛

1𝑐 − 𝛿𝑗𝑛
1𝑐) +

𝛽𝛿̂1𝑡(𝛿𝑖𝑛
1𝑡 − 𝛿𝑗𝑛

1𝑡) + (𝜀̃̃̃𝑖𝑛 − 𝜀̃̃̃𝑗𝑛) (5) 

 

where the left-hand side of (5) is estimated based on Guevara and Ben-Akiva (2012) approach 

and it acts as the dependent variable; whereas (𝛿𝑖𝑛
1𝑐 − 𝛿𝑗𝑛

1𝑐) and (𝛿𝑖𝑛
1𝑡 − 𝛿𝑗𝑛

1𝑡) act as the independent 

variables. Then, the sum of 𝛽̂𝑡(𝑡̃𝑖𝑛
1 − 𝑡̃𝑗𝑛

1 ), 𝛽̂𝑐(𝑐̃𝑖𝑛
1 − 𝑐̃𝑗𝑛

1 ) and (𝐴𝑆𝐶̂𝑖 − 𝐴𝑆𝐶̂𝑗) is the intercept. The 

calculation of the probability 𝑃𝑖𝑛
1_𝐶𝐹𝑈

 after updating the residuals is given by (6) for the two-stage 

CF approach. Note that the parameters used are 𝐴𝑆𝐶̂𝑖, 𝛽̂𝑡 and 𝛽̂𝑐 and come from the calibration 

year model, however 𝛽̂𝛿̂1𝑐 and 𝛽̂𝛿̂1𝑡 are used instead 𝛽𝛿̂𝑐 and 𝛽𝛿̂𝑡. On the other hand, if the one-

stage estimation is used, then it must follow (7): 

 

𝑃𝑖𝑛
1_𝐶𝐹𝑈 =

𝑒
𝐴𝑆𝐶̂𝑖+𝛽̂𝑡𝑡̃𝑖𝑛

1 +𝛽̂𝑐𝑐̃𝑖𝑛
1 +𝛽̂

𝛿̂1𝑡
𝛿̂𝑖𝑛
1𝑡+𝛽̂

𝛿̂1𝑐
𝛿̂𝑖𝑛
1𝑐

∑ 𝑒
𝐴𝑆𝐶̂𝑗+𝛽̂𝑡𝑡𝑗𝑛

1 +𝛽̂𝑐𝑐𝑗𝑛
1 +𝛽̂

𝛿̂1𝑡
𝛿̂𝑗𝑛
1𝑡+𝛽̂

𝛿̂𝑐1
𝛿̂𝑗𝑛
1𝑐

𝑗 ∈ 𝐴

 (6) 

 

𝑃𝑖𝑛
1_𝐶𝐹𝑈 =

𝑒
𝐴𝑆𝐶̂𝑖+𝛽̂𝑡𝑡̃𝑖𝑛

1 +𝛽̂𝑐𝑐̃𝑖𝑛
1 +𝛽̂

𝛿̂1𝑡
(𝑡̃𝑖𝑛
1 −𝛼̂𝑡−𝛾̂𝑧

𝑡𝑧𝑖𝑛
1 −𝛾̂𝑓𝑓𝑡

𝑡 𝑓𝑓𝑡𝑖𝑛
1 )+𝛽̂

𝛿̂1𝑐
(𝑐̃𝑖𝑛
1 −𝛼̂𝑐−𝛾̂𝑧

𝑐𝑧𝑖𝑛
1 −𝛾̂𝑓𝑓𝑡

𝑐 𝑓𝑓𝑡𝑖𝑛
1 )

∑ 𝑒
𝐴𝑆𝐶̂𝑗+𝛽̂𝑡𝑡̃𝑗𝑛

1 +𝛽̂𝑐𝑐̃𝑗𝑛
1 +𝛽̂

𝛿̂1𝑡
(𝑡̃𝑗𝑛
1 −𝛼̂𝑡−𝛾̂𝑧

𝑡𝑧𝑗𝑛
0 −𝛾̂𝑓𝑓𝑡

𝑡 𝑓𝑓𝑡𝑗𝑛
0 )+𝛽̂

𝛿̂1𝑐
(𝑐̃𝑗𝑛
1 −𝛼̂𝑐−𝛾̂𝑧

𝑐𝑧𝑗𝑛
0 −𝛾̂𝑓𝑓𝑡

𝑐 𝑓𝑓𝑡𝑗𝑛
0 )

𝑗 ∈ 𝐴

 (7) 

 

3. RESULTS 
 

Base year assessment 

 

As the correction for endogeneity in a DCM produces a change of scale in the parameter estimates, 

we checked the ratios among parameters. Let 𝛽𝑡
𝑃𝑇 be the parameter of travel time for the public 

transport modes (Bus, Train and Share Taxi), 𝛽𝑡
𝐶𝑀 for the car modes (Car driver and Share car), 

𝛽𝑡
𝑊 for Walking and 𝛽𝑐 the parameter of cost (which was considered generic). Using the 

parameters shown in Table 1, we can see that the true population ratios are 
𝛽𝑡
𝑃𝑇

𝛽𝑐
=
−0.03

−0.01
= 3, 

𝛽𝑡
𝑊

𝛽𝑐
=

−0.05

−0.01
= 5 and 

𝛽𝑡
𝐶𝑀

𝛽𝑐
=
−0.04

−0.01
= 4. Our results for the benchmark (true model), endogenous and 

corrected models are reported in Table 1, which shows the ratios’ mean 
𝛽𝑡
𝑃𝑇

𝛽𝑐
, 
𝛽𝑡
𝑊

𝛽𝑐
 and 

𝛽𝑡
𝐶𝑀

𝛽𝑐
, the t-

test against the true ratios and the bias (in percentage) for each case. For the base year, only the 
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classical CF approach is used to correct for endogeneity and to recover the parameters. Our 

approach (CFU) is applied later for forecasting. 

 

Table 1 Statistics for benchmark, corrected and endogenous model 

 
 

The biases for the endogenous ratios are large, varying from 8.3% (i.e. [
4.00−3.67

4.00
] ∗ 100) to 

103.8% ([
10.19−5.00

5.00
] ∗ 100). In this case too, the t-test1 against the null hypotheses that 

𝛽𝑡
𝑃𝑇

𝛽𝑐
= 3, 

𝛽𝑡
𝑊

𝛽𝑐
= 5 and 

𝛽𝑡
𝐶𝑀

𝛽𝑐
= 4 can be easily rejected and it can be concluded that the parameter ratios in 

the endogenous model are significantly different from the true values for a one-sided test at the 

95% confidence level2. On the other hand, the t-test for the parameter ratios in the corrected model 

are all accepted for a one-sided test at the 95% confidence level, meaning that the corrected ratios 

are not significantly different from the true ratios. The biases for the corrected ratios are small, 

varying from 0.9% to 1.6%. 

 

Future scenarios assessment 

 

Exogenous changes impact individual choices. This happens because the exogenous changes 

affect the explanatory variables of the model (travel time and cost), which in turn modify the 

supply-demand equilibration in future scenarios. With our Monte Carlo simulation, we estimate 

several measures (travel times at equilibrium, the logarithm of the likelihood expected value, and 

the expected value of the Akaike Information Criteria) and compare them with those obtained for 

the true model. 

 

We assessed and compared the new CFU method with (1) No endogeneity correction and (2) the 

Guevara and Ben-Akiva (2012) CF approach for the eight scenarios shown in Table 2. In each 

case, the model forecasts were evaluated in terms of their ability to recover the true (simulated) 

travel times at equilibrium (TTE), the logarithm of the likelihood expected value - 𝐸(𝑙(𝜃)) for 

the true model, and the expected value of the Akaike Information Criteria3 – 𝐸(𝐴𝐼𝐶) for future 

scenarios in 10, 20, 30 and 40 years ahead. The true model is the benchmark and 𝐸(𝑙(𝜃)) and 

𝐸(𝐴𝐼𝐶) were calculated as shown in (8) and (9), respectively: 

 

𝐸(𝑙(𝜃)𝐼
𝑚,𝑡) = ∑ ∑ 𝑙𝑛(𝑃𝑖𝑛

𝑚,𝑡 ∗ 𝑃𝑖𝑛
𝑇𝑟𝑢𝑒,𝑡)𝑖𝜖𝐴(𝑛)𝑛  (8) 

 

𝐸(𝐴𝐼𝐶𝐼
𝑚,𝑡) = 2𝑘 − 2𝐸(𝑙(𝜃)𝐼

𝑚,𝑡) (9) 

 

 
1 The t-test statistic has the form 𝑡 =

𝑋̅−𝜇

𝑠𝑑 √𝑛⁄
 where 𝑋̅ is the sample mean from a sample X1, X2, …, Xn, of 

size n, sd is the estimate of the standard deviation of the population, and μ is the population mean. 
2 When the sign of the parameter is known a one-sided test should be applied; the critical value of t is 1.64 

for a one-sided test at the 95% confidence level. 
3 AIC is a measure of the relative quality of a statistical model. It provides a trade-off between the goodness 

of fit of the model and its complexity (Akaike, 1974). 
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where 𝑃𝑖𝑛
𝑇𝑟𝑢𝑒,𝑡

 represents the choice probability of alternative i for individual n in the true model 

for year t; 𝑃𝑖𝑛
𝑚,𝑡

 is the choice probability of alternative i for individual n in approach m (No 

endogeneity correction, Guevara and Ben-Akiva (2012) and CFU) for year t, and the subscript (I) 

indicates the number of repetitions. In our case, in (9) we used 𝐸(𝑙(𝜃)𝐼
𝑚,𝑡) to estimate 𝐸(𝐴𝐼𝐶𝐼

𝑚,𝑡) 
for approach m and year t, where k corresponds to the number of model parameters. 

Table 2 summarizes the average for all repetitions of the free flow time in the base year and with 

the exogenous change (see Table 2), as well as the travel times achieved for the future equilibria 

in the simulations for each scenario. 
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Table 2 Average of the free flow time and travel times in equilibrium (TTE) for 100 replications 
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Results are shown for the base year and the 10 to 40 forecasting years for the three approaches compared 

(No endogeneity correction, Guevara and Ben-Akiva (2012) and CFU) as well as for the benchmark (true 

model). As can be seen, for the base year, the TTE are the same in all scenarios because the estimates 

replicate the values. Note that the free flow time and the TTE do not change for the Walking mode, because 

walking does not share infrastructure with other modes; therefore, it is not affected by congestion. The TTE 

(in the base year) are higher than the free flow time because of congestion4. 

 

On the other hand, both the CFU and Guevara and Ben-Akiva (2012) results are better than those of the 

endogenous model, but they are still different from the true model. This can be attributed to a simulation 

error. Notwithstanding, the TTE reached with the CFU approach are closer to the values of the true model 

than the TTE reached with the Guevara and Ben-Akiva (2012) approach. We applied the t*-statistics 

(Ortúzar and Willumsen 2011, 341-342) to test the null hypothesis that the mean difference of TTE for the 

100 repetitions between CFU and Guevara and Ben-Akiva (2012) was zero. The t*-statistics applied for 20, 

30 and 40 years show that these values are superior to the critical value (i.e., 1.96 for a two-sided test at the 

95% confidence level); therefore, the null hypothesis is rejected, and there is a significant difference between 

the means. Consequently, we can conclude that the CFU approach is better than the approach proposed by 

Guevara and Ben-Akiva (2012). This happened in all the scenarios analysed. Figure 1 focuses only on the 

car modes and shows the boxplot for the TTE reached by each of the three approaches. 

 

Figure 1 TTE reached with the three approaches compared vs true model for Scenario 8 

 
 

 
4 We simulated a case with endogeneity only in travel time due to the equilibrium conditions (i.e., no endogeneity due 

to measurement error and omitted variables), so the cost was not endogenous. We found that the effect was similar but 

smaller than in the case with three endogeneity sources, an expected result; as there is less bias, the TTE will tend to 

be closer to those in the true model. So, there appears to be an additive effect regarding endogeneity sources; that is, 

if the endogeneity sources increase, the bias also does. 



8 
 

Again, the true model’s travel times are the benchmark. These are represented by the dashed line drawn at 

zero. The points that belong to the boxplots are the difference between the TTE reached from any other 

approaches and the true model. We show only the case corresponding to Scenario 8 for explanatory purposes 

because it is one of two scenarios affected by the most significant number of exogenous shifts. Besides, for 

the other scenarios, the performance was very similar. As can be seen, “No endogeneity correction” is the 

worst in recovering the TTE. Figure 1 also shows that the endogenous model overestimates congestion. This 

makes sense given that, as shown in Table 1, the parameter ratios show large bias for the endogenous 

estimations. 

 

To assess the relative quality of each approach, we used again 𝐸(𝑙(𝜃)) and 𝐸(𝐴𝐼𝐶). A summary of their 

estimates for each approach and year are given in Table 3 for the scenarios shown in Table 2, and all the 

repetitions run in the simulation. Given that “No endogeneity correction” uses a model (endogenous) that is 

a restricted version of the model used in both Guevara and Ben-Akiva (2012) and in the CFU approach, it 

is possible to apply the likelihood ratio (LR) test (Ortúzar and Willumsen 2011, 281) to compare them. LR 

is asymptotically distributed 𝜒𝑟
2 with r degrees of freedom, where r is the number of linear restrictions 

required to transform the more general model into the restricted version. The null hypothesis is that the two 

models compared are equivalent; rejecting it, implies that the restricted model is erroneous. In our case, r = 

2 (because the restrictions are that both 𝛽̂
𝛿̂𝑡̃

 and 𝛽̂𝛿̂𝑐̃ are zero). The LR test for the results of scenario 8 and 

year 105 comparing “No endogeneity correction” against Guevara and Ben-Akiva (2012) is 𝐿𝑅 =
−2(−5459.9 + 5427.4) = 65, and comparing “No endogeneity correction” against CFU is 𝐿𝑅 =
−2(−5459.9 + −5398.5) = 122.8. These values must be compared with the critical value for two degrees 

of freedom at the 95% confidence level (𝜒2
2 = 5.99). As LR > 𝜒2

2 (for both cases), the null hypothesis is 

confidently rejected, and we can conclude that the corrected version models are superior. Given that the 

CFU approach has 𝐸(𝑙(𝜃)) better than the Guevara and Ben-Akiva (2012) approach, we can conclude that 

the CFU approach performs best. Given that 𝐸(𝐴𝐼𝐶) values are calculated using the 𝐸(𝑙(𝜃)) and k (see 

expression 41), then it is expected that the 𝐸(𝐴𝐼𝐶) from CFU approach will also be better than those of the 

other methods (see Table 3). 

 
5 For the other scenarios and years, the performance is similar. We highlighted in bold the values from Table 5 used 

to apply the LR test. 
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Table 3 Average estimates of 𝑬(𝒍(𝜽)) and 𝑬(𝑨𝑰𝑪) for 100 replications 
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4. CONCLUSIONS 
 

We emulated a complex transport modelling process affected by three different endogeneity sources that 

are common in strategic studies (measurement error, omitted variables and simultaneous estimation in a 

supply-demand equilibration context). In this setting, we compared three different approaches: (1) No 

endogeneity correction (which has been, so far, the only method used in practice), (2) the CF approach 

proposed by Guevara and Ben-Akiva (2012) and (3) our new proposal, the CFU approach. Forecasts were 

evaluated in terms of recovery of the true (simulated) travel times, and two goodness-of-fit indices, 𝐸(𝑙(𝜃)) 
and the 𝐸(𝐴𝐼𝐶), for future scenarios in 10 to 40 years ahead. This was a challenge because this type of 

modelling is usually done using commercial software packages, where the level-of-service variables are 

estimated from complex supply-demand equilibria processes considering multiple user classes, several 

transport modes, complex networks and many other aspects. 

 

Monte Carlo simulation helped us to demonstrate that under fairly reasonable conditions, consistent with 

observed data, the new CFU proposal performs better than both other approaches; in particular, it performs 

much better than the “doing nothing” approach and marginally (but significantly) better than the more 

classical CF approach of Guevara and Ben-Akiva (2012). We also show that the adverse effects of 

endogeneity increase over the years, severely impacting future scenarios’ forecasts. 

 

Our methodological findings suggest two important recommendations for practice. The first is to avoid 

forecasting with endogenous models as the problem is severe in the case studied. The second is that even 

when correcting for endogeneity, in forecasting the residuals from the first stage of the CF approach for the 

future scenarios should always be updated. Thus, our new CFU approach is especially recommended to 

correct for endogeneity when discrete choice models are used to forecast strategic scenarios involving 

supply-demand equilibration. 
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