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Abstract. In this paper, we evaluate the use of traditional decision tree algorithms CRT, CHAID and QUEST to 

determine a decision tree which can be used to predict a set of (Pareto optimal) junction design alternatives (e.g. 

signal or roundabout) for a given traffic demand pattern and available space. This is a multi-label decision tree 

problem. Traditional decision tree algorithms can normally not deal with multiple target labels, since they aim to 

produce trees with single target labels. However, we propose an approach in which we normalise the training data and 

use the predicted probabilities of the resulting tree, confronted with a threshold value, to determine multiple target 

labels. This enables us to predict sets of junction design alternatives with traditional algorithms and thus having the 

advantage of using profoundly proven and widely available methods with a range of modelling options. We evaluate 

our approach based on its performance concerning tree complexity and predictive accuracy, for which we introduce 

new set comparison measures. We test our approach with different experimental runs varying the algorithms, 

parameters and threshold values. The results show that it is possible to determine decision trees which can be used to 

predict sets of junction design alternatives with 82-90% accuracy. 

1 Introduction 

Transport planners and engineers frequently face the 

challenge to determine the best design for a specific 

junction, e.g. signal controlled or roundabout. The 

junction design assessment process, which is used to 

select the best alternative, typically involves three stages 

[1]. In the first stage, viable alternatives are identified 

based on limited input data, such as the average annual 

daily traffic volume, using simple decision trees, look-up 

tables or calculation methods provided in design manuals. 

In the second stage, more detailed input data, such as the 

peak hour traffic volumes for each turning movement and 

specific geometric and traffic control attributes, are 

collected and the alternatives are analysed using tools 

such as the Highway Capacity Manual (HCM) 

methodologies [2] or simulation software. In the third 

stage, the best alternative is selected based on multiple 

criteria. Dependent on the tools used, operational, safety 

and environmental performances are determined, 

analysed and weighted, in combination with other criteria 

such as available space and cost, before selecting the best 

alternative. This three-stage approach is used to avoid 

time consuming assessments of many alternatives, but 

possesses the risk of omitting the best solution, due to a 

deficient identification of viable alternatives in the first 

stage of the assessment process [3]. To improve the 

quality of the decision trees used to identify the viable 

junction design alternatives, we suggested to apply 

decision tree algorithms on a dataset generated by 

modelling the performances of a variety of junction 

design alternatives for a multitude of (peak hour) traffic 

demand patterns and available spaces [4]. The dataset 

that we generated, using the HCM methodologies, 

contained the junction design alternative with the lowest 

average delay (s/h) for each combination of traffic 

demand pattern and available space. The decision trees 

that were determined based on this data predicted the 

modelled data with a 76% to 96% accuracy, dependent 

upon the algorithms, options and desired tree sizes. These 

decision trees only gave one junction design alternative 

solely based on the operational performance. Ideally, we 

want a set of viable alternatives reckoning with multiple 

performance measures. Therefore, in preparation of this 

paper, we generated a dataset that contains a set of 

junction design alternatives for each combination of 

traffic demand pattern and available space. This set of 

junction design alternatives is the Pareto optimal set of 

solutions based on both the operational and safety 

performance. The operational performance, being the 

average delay (s/h) on the junction, was determined using 

the HCM methodologies [2]. The safety performance, 

being the number of fatal-and-injury crashes per year, 

was determined using the Highway Safety Manual 

methodologies [5]. The Pareto set of solutions always 

contains the best solution, whatever set of weights will be 

used for the operational and safety performance measures 

in a later stage of the assessment process. So, the risk of 
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omitting the best solution is reduced to a minimum. In 

this paper, we focus on presenting a decision tree 

algorithm which can determine a decision tree by which 

we can accurately predict or identify a set of viable 

junction design alternatives (i.e. the Pareto optimal set) 

given a traffic demand pattern and available space. It is 

also the desire to use the decision tree in a manual way, 

i.e. by following the branches from a page in a design 

manual. This means the size or complexity of the tree 

should be limited. 

 Determining a tree which can be used to predict a set 

of junction design alternatives is basically a multi-

labelled decision tree challenge [6]. In multi-labelled 

data, a record of data (instance) may belong to several 

classes, that is, with several class labels as classification 

[7]. A few algorithms have been suggested to construct 

multi-labelled decision trees. An extension of the C4.5 

algorithm with a multi-class entry formula was suggested 

by [8]. A decision tree classifier named MMC (multi-

valued and multi-labelled classifier) was presented by [7], 

which was improved in MMDT (multi-valued and multi-

labelled decision tree) by [9] and in AMDT (a new multi-

valued and multi-labelled data algorithm) by [10] and 

[11]. In these algorithms, various functions in the 

traditional decision tree algorithms are replaces by 

functions fit for handling multi-labelled data, primarily 

based on various measures for the similarity between one 

or more sets. Another body of research refers to 

clustering trees [12-14]. Although the terminology is 

different, and changes during the years, algorithms to 

deal with multi-labelled data are suggested. The 

algorithms are all based on clustering trees, were each 

node of the tree corresponds to a cluster instead of a 

class. Using clusters has various advantages, especially 

when target or class data is missing. A major 

disadvantage of all the aforesaid algorithms is their 

tendency to produce complex trees. Complex trees can be 

restricted by using pruning methods, but these are not 

provided for MMC, MMDR and AMDT. Clustering trees 

lack the required transparency of the resulting decision 

tree, since clusters are far more difficult to interpret than 

classes or sets of classes. Thus, the trees are not suitable 

for use in a design manual. 

 Traditional decision tree algorithms, like ID3, C4.5, 

C(A)RT, CHAID and QUEST include various methods 

for pruning the resulting trees [15], but are normally 

unable to produce a tree which can be used to predict 

multiple labels [7]. However, the advantages of these 

methods have been tested thoroughly and proven their 

suitability [3]. In this paper, we propose an alternative 

approach in which we do use these traditional single 

labelled decision tree algorithms to deal with multi-

labelled data which produce accurate decision trees of 

limited complexity. 

 In the next section, we will first clarify the specific 

problem we face. In the third section, we will explain the 

proposed approach. Next, we will discuss the 

experimental design which is followed, including the 

performance measures we will use to evaluate the 

algorithm and its options. In the fifth section, we will 

show and discuss the results. The paper ends with 

conclusions. 

2 Problem definition 

We assume that a set of junction design alternatives is 

given for each combination of traffic demand pattern and 

available space. From this set, which we call the training 

set, we want to build a decision tree. To illustrate the 

data, the intended tree and its application, we will first 

discuss an example based on a simplified but similar 

training set as shown in Table 1. 

Table 1. Example training set. 

Id Total volume 

(pc/h) 

Size 

category 

Set of junction 

design alternatives 

1 1500 1 AW, TW, SIG 

2 1500 2 TW, SIG 

3 1500 3 SIG, RA 

4 2500 1 TW, SIG 

5 2500 2 TW, SIG 

6 2500 3 SIG, RA 

7 3500 1 - 

8 3500 2 SIG 

9 3500 3 SIG, RA 

 

 In this example, the traffic demand pattern is only 

represented by one attribute, being the total (peak hour) 

volume on the junction (pc/h). The available space is 

represented by a size category attribute, were 1=small, 

2=medium and 3=large. The table shows the set of 

junction design alternatives for nine combinations of total 

volume and size category. The set of junction design 

alternatives can contain zero to four elements. The 

possible junction design alternatives in this example are: 

all-way stop controlled junction (AW), two-way stop 

controlled junction (TW), signalised junction (SIG) and 

roundabout (RA). Instance 1, with a total volume of 1500 

pc/h and size category 1 has the target set {AW, TW, 

SIG}. The set for instance 7 is empty. A possible decision 

tree based on this training set is shown in Figure 1. 

 

 

Figure 1. Example decision tree. 

In this tree, each internal node corresponds to a decision 

on an attribute and each branch corresponds to a possible 

value or an interval of this attribute. The end nodes or 

leaves represent the viable sets of junction design 

alternatives. By this tree, we can predict the set of 

junction design alternatives that should be assessed, 

based on a given total volume and size category. For 

example, if the total volume is 2415 pc/h and the 

available space corresponds with size category 2, then the 

tree indicates that the junction design alternatives to be 

assessed are AW, TW and SIG. 

 The actual data set we will use to train the decision 

tree model contains 70.000 instances, 12 junction design 

alternatives, 38 traffic demand attributes and 7 size 

categories. The data set will be discussed in more detail 

in section 4. 



6th International Conference on Transportation and Traffic Engineering 

3 The approach 

We suggest an alternative approach to deal with multi-

labelled data using traditional decision tree algorithms. 

The approach consists of three main steps: 

 Normalise the data. 

 Built a decision tree. 

 Determine predicted sets of solutions. 

 

 The first step is to apply the standard data 

normalisation method, which is needed when using single 

labelled decision tree algorithms. This method transforms 

the data into single-labelled instances. The example 

training set from Table 1, would then be transformed to 

the data set as shown in Table 2. An instance with a set of 

three junction design alternatives (Id 1 in Table 1) is 

transformed to three instances with one junction design 

alternative (Ids 1-3 in Table 2). 

Table 2. Normalised example training set. 

Id Total volume 

(pc/h) 

Size category Junction design 

alternative 

1 1500 1 AW 

2 1500 1 TW 

3 1500 1 SIG 

4 1500 2 TW 

5 1500 2 SIG 

6 1500 3 SIG 

7 1500 3 RA 

8 2500 1 TW 

9 2500 1 SIG 

10 2500 2 TW 

11 2500 2 SIG 

12 2500 3 SIG 

13 2500 3 RA 

14 3500 1 - 

15 3500 2 SIG 

16 3500 3 SIG 

17 3500 3 RA 

 

 In the second step, traditional, single-labelled, 

decision tree algorithms such as ID3, C4.5, CRT, CHAID 

and QUEST can be used to build a tree. A major point of 

criticism for this approach is that the obtained classifier 

could only predict a single label [7]. However, this is 

only partly true. Although the decision tree algorithms 

aim to produce nodes and leaves which contain elements 

with the same label, leaves more often contain elements 

with multiple labels. In fact, the leaves contain a 

probability vector, were the probability is determined by 

comparing the frequency of the instances with a specific 

label with the total number of instances in the leaf. This 

probability vector in combination with the normalisation 

method, offers the opportunity to use the single labelled 

methods for multiple labelled data. Figure 2 shows the 

decision tree based on our example training set, but now 

including the number of instances (count and percentage) 

for each junction design alternative (JDA) in each leaf. 

The percentage represents the predicted probability. 

 In the third step, the predicted set of junction design 

alternatives can be derived from the frequencies and/or 

predicted probabilities. In this case, a junction design 

alternative is included in the predicted set if the predicted 

probability in the leaf is greater than zero. Alternative 

threshold values (τ) can be used to determine the  

Figure 2. Example decision tree with predicted probabilities. 

predicted sets to reduce the number of junction design 

alternatives in the sets. Higher values of τ will produce 

smaller predicted sets of solutions, but with a higher 

change of missing junction design alternatives. Lower 

values ofτwill produce larger predicted sets of solutions, 

but with a higher change of overestimating the number of 

viable junction design alternatives. The optimal value for 

τ is to be determined. Moreover, this variable can be 

determined static (1) or dynamic (2): 

 

astatic   

 
(1) 

 bK
dynamic




1
  (2) 

 

Where K is the number of possibly predicted junction 

design alternatives in the regarding leaf and a and b are 

constants. In our case K, is dependent upon the size 

category. In our small example, size category 1 holds 

three possible junction design alternatives, whereas size 

categories 2 and 3 contain only two possible junction 

design alternatives. This assumes that the size category is 

a split attribute in the tree. If this is not the case or if 

more size categories are grouped in one leaf, the highest 

number for K is presumed. 

4 Experimental design 

We will test our approach with different decision tree 

algorithms, model parameters and threshold values. In 

this section, we will explain the experimental design we 

use to test our approach. We will first explain the dataset 

we will use. Next, we will discuss the evaluation 

measures. The section is concluded with an explanation 

of the different decision tree algorithms, model 

parameters and threshold values we will use to test our 

approach. 

4.1 Dataset 

The dataset contains 70.000 instances with sets of 

junction design alternatives based on a combination of 

traffic demand pattern and available space. Each traffic 

demand pattern is based on twelve traffic flow rates (pc/h) 

representing the turning movements on a four-arm 

junction, i.e. the left, through and right turning 
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movements for each approach. Additionally, the data set 

contains composed traffic demand attributes, such as the 

total volume, the major road volume or the percentage of 

left turning traffic on the minor road. In total, the data set 

contains 38 traffic demand attributes. The available space 

is represented by the size category attribute which 

distinguishes seven categories. Size category 1 

corresponds with a maximum area of 700 m2. The other 

boundaries are 1020, 1200, 1450, 1800 and more than 

2400 m2. There are eleven junction design alternatives 

(JDA) which can be used as elements for the sets, as 

shown in Table 3. 

Table 3. Junction design alternatives. 

JDA Main type Specific type 

AW All-way stop controlled Default 

TW Two-way stop controlled Default 

TW_R Two-way stop controlled Separate right-turn lane 

TW_X Two-way stop controlled Wide central reservation 

TW_XR Two-way stop controlled Separate right-turn lane & 

wide central reservation 

SIG Signalised Default 

SIG_R Signalised Separate right-turn lane 

SIG_L Signalised Extra left-turn lane 

RA_1 Roundabout Single-lane roundabout 

RA_2 Roundabout Double-lane roundabout 

RA_T Roundabout Turbo roundabout 

 

The original dataset is split in a training set and test set. 

We will use two-third (46.667) of the original data set as 

the training set and one-third (23.333) for the test set. The 

instances are randomly selected from the original data 

set. 

4.2 Evaluation measures 

We will evaluate the complexity and the predictive 

accuracy of the decision trees resulting from our 

approach.  

 The complexity of the resulting trees will be 

evaluated based on the number of nodes and the number 

of leaves in the tree. Lower values correspond to lower 

complexity.  

 In situations with single-labelled data, the predictive 

accuracy of a tree is simply the proportion of correctly 

classified or predicted instances. If we would apply this 

to our multi-labelled data, this is a very strict measure, 

being the proportion of instances for which the predicted 

set of labels is the same as the true set of labels. In our 

context, predicting a set of viable junction design 

alternatives for further research, we are also interested in 

the proportion of instances for which the predicted set at 

least contains the true set of labels. In this context 

predicting too much labels instead of predicting too few 

is less bad. Therefore, we introduce using multiple 

measures to evaluate the accuracy of the trees. All 

accuracy measures discussed are on a per instance basis 

and the aggregate value is an average over all instances. 

Let T be the true set of labels and P be the predicted set 

of labels. The measure for the predicted set at least 

containing the true set, we name sufficiency, which is 

defined as: 










TP

TP
ySufficienc

,1

,0
 (3) 

  

 The measure for the predicted set being equal to the 

true set, we name equality, which is defined as: 
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 Although predicting to much labels is less bad then 

predicting too few, it is still a disadvantage of the model. 

Therefore, we also evaluate the number of labels that is 

wrongfully predicted with the overestimation measure: 
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 Additionally, we use a similarity measure which is a 

more general measure for comparing sets used by various 

authors ([7], [9] and [10]), also referred to as the 

Hamming score: 
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 The values for sufficiency, equality and similarity 

range between 0 and 1. Higher values correspond to 

higher accuracy. The value of overestimation ranges from 

0 up to the maximum number of labels. Lower values 

correspond to higher accuracy. 

4.3 Algorithms and parameters 

To test our approach, we will perform experiments with 

varying decision tree algorithms, model parameters and 

threshold values. We will test our approach with the CRT 

[16], CHAID [17], [18] and QUEST [19] decision tree 

algorithms. These algorithms represent different methods 

for decision tree induction and have been tested in our 

single-labelled experiment [3]. CRT performs binary 

splits based on a Gini impurity measure and allows 

pruning. CHAID allows multi-way splits based on the 

chi-square based likelihood ratio but doesn’t perform 

pruning. QUEST performs binary splits and pruning and 

does a two-step selection of split variables, where first a 

predictor variable is selected based on its association with 

the class variable and next the split is determined. 

 It is to be expected that there exists a trade-off 

between the predictive accuracy and the size of the tree. 

To evaluate the accuracy for different tree sizes, we will 

vary three model parameters which influence the size of 

the tree: 

 Maximum tree depth: The maximum allowed number 

of levels in the tree. We will use the values 2-10 and 

99. The latter is used as a maximum value. Other stop 

criteria, based on differences in impurity or likelihood 

ratio between steps, then become decisive. 

 Pruning: The CRT and QUEST algorithms allow us to 

prune the tree to avoid overfitting the model. The tree 

is grown until stopping criteria are met, and then is 
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trimmed automatically to the smallest subtree based 

on the specified maximum difference in single-

labelled accuracy, expressed in standard errors. We 

use a value of 1. 

 Intervals: The CRT and QUEST algorithms only 

allow two-way (binary) splitting of attributes, whereas 

CHAID allows multi-way splitting. Interval/ratio 

attributes are then always banded into discrete groups 

based on a fixed number of intervals. Larger values 

tend to produce larger trees. We will use the values 2-

10. 

 

 For the threshold value (τ), as was explained in 

section 3, we will test static threshold values with a=0.1, 

0.2, 0.3 or 0.4 and dynamic threshold values with b=0, 1 

or 2. Unless stated otherwise, the default value for τ, is a 

dynamic value with b=1. 

5 Results 

We will first discuss the results, which are all based on 

the test data, for the experimental runs without pruning of 

the tree. This will give us insight in the maximum 

achievable predictive accuracy of our approach and the 

various algorithms. Figure 3 shows the accuracy 

measures (sufficiency, similarity, equality and 

overestimation) as well as the complexity measures 

(number of nodes and number of leaves) for the three 

decision tree algorithms without pruning for different 

values of the maximum tree depth. 

 In general, the predictive accuracy of the resulting 

trees is satisfying. Dependent on the maximum allowed 

tree depth and the applied algorithm, the values for 

sufficiency range between 0.650 and 0.908 (Figure 3a). 

The course of the graphs differs by algorithm. For CRT, 

sufficiency increases with higher values for the maximum 

tree depth, whereas for CHAID, sufficiency decreases, 

and values for QUEST more or less stay the same. 

  Overall, CRT has the highest values for sufficiency 

(Figure 3a), similarity (Figure 3b) and equality (Figure 

3c) and the lowest values for overestimation (Figure 3d). 

Sufficiency, similarity and equality can be increased by 

allowing more tree depth, while the overestimation stays 

the same. QUEST produces similar sufficiency rates as 

CRT, but with less tree depth it has large values for 

overestimation. This means it tends to create leaves with 

large sets of junction design alternatives. Although 

sufficiency is acceptable, overestimation and equality are 

not. This can be improved by allowing more tree depth. 

Evidently, the two-step selection of split variables used in 

QUEST, is less suitable for less tree depths. For CHAID, 

sufficiency, similarity and equality decrease with more 

tree depth. This is primarily caused by the fact that 

CHAID tends to split in more than two classes and 

thereby produces more nodes and leaves which cause sets 

to be distributed over more leaves. Figure 3e and 3f 

respectively show the number of nodes and the number of 

leaves. The decision tree produced by CHAID contains 

2.0 to 3.6 times more nodes and leaves than the trees 

produced by CRT and QUEST. As said, with CHAID, 

interval/ratio attributes, such as the traffic demand 

attributes in our case, are banded into discrete groups 

based on a fixed number of intervals. The results shown 

in Figure 3 are based on a value of 2 for the fixed number 

of intervals, which gave the best results for sufficiency, 

similarity, equality and overestimation. Although, the 

fixed number of intervals is set to 2, the number of nodes 

and leaves in the resulting tree is still much higher for 

CHAID compared to CRT and QUEST. This is mainly 

caused by the fact that nominal and ordinal attributes, 

such as the size category in our case, can still be split in 

more than two groups. 

 In Figure 4 we combine the accuracy and complexity 

of the resulting tree, by using the sufficiency and the 

number of leaves for different values of the maximum 

tree depth. For trees with 4 to 20 leaves, QUEST and 

CHAID have higher sufficiency. Above 20 leaves, CRT 

(a) Sufficiency (b) Similarity (c) Equality 
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Figure 3. Accuracy performance measures by maximum tree depth without pruning for different decision tree algorithms. 
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produces higher sufficiency values. As stated before, for 

CRT, it holds that if we want to achieve higher accuracy, 

we must allow trees with (considerably) more leaves. 

 

 

 Figure 4. Accuracy performance measures by maximum 

tree depth without pruning for different decision tree 

algorithms. 

 The CRT and QUEST algorithms facilitate pruning of 

the resulting tree, which enables us to reduce the 

complexity (number of nodes and leaves) of the tree. The 

question is, what this will mean for the accuracy. Table 4 

shows values for sufficiency, overestimation and the 

number of leaves for situations without pruning (NP) and 

with pruning (P) for different values for the maximum 

tree depth. The table also shows the relative difference 

(%Dif.) between these two situations. The tree 

complexity, represented by the number of leaves, reduces 

with values ranging between 25% and 63%. For CRT, the 

sufficiency reduces with 3-6%, with a maximum value of 

0.870 starting from a maximum tree depth of 6. For 

QUEST, besides a reduction of the high values for 

overestimation, the sufficiency increases for maximum 

tree level values of 6, 7 and 8. The most sufficient tree, 

with a value of 0.847, has 7 levels and 38 leaves. In 

general, CRT and QUEST produce trees with similar tree 

complexity. CRT still has better values for accuracy 

(sufficiency and overestimation). 

 All results, presented up to now, have been generated 

by using a dynamic threshold value using b=1, as 

described in section 3. The threshold value is used to 

determine whether a junction design alternative is going 

to be part of the predicted set by comparing the threshold 

with the predicted probability. Lower threshold values 

produce larger predicted sets of solutions, with 

presumably better sufficiency but also with higher values 

for overestimation. We tested different threshold values. 

Figure 5 shows three accuracy performance measures for 

different static threshold values for runs with a maximum 

tree depth of 5. In our approach, using a threshold value 

close to zero (0.001) leads to an optimal sufficiency 

(1.000), since (almost) each leaf contains the complete set 

of possible junction design alternatives. However, 

equality is close to zero, whereas the number of 

overestimated solutions is at its max (5.554 for CRT and 

2.777 for QUEST). The higher the threshold value, the 

lower the sufficiency and overestimation values. Table 5 

shows the accuracy performance measures for different 

parameter values (b) for the dynamic threshold value.  

Table 5. Accuracy performance measures by dynamic threshold 

parameters for the CRT and QUEST decision tree algorithms 

with pruning and maximum tree depth=5. 

CRT 
Par. Sufficiency Similarity Equality Overest. 
b=0 0.807 0.787 0.668 0.311 
b=1 0.817 0.782 0.656 0.355 
b=2 0.839 0.758 0.610 0.497 

QUEST 
Par. Sufficiency Similarity Equality Overest. 
b=0 0.780 0.763 0.651 0.392 
b=1 0.824 0.735 0.574 0.555 
b=2 0.824 0.735 0.574 0.555 

 

 Both for the static and dynamic threshold values, 

there is no specific value that is best for both sufficiency 

 

Table 4. Comparison of accuracy and complexity measures for situations without pruning (NP) and with pruning (P) by maximum 

tree depth for the CRT and QUEST decision tree algorithms. 

 
CRT 

Max.  

tree depth 

Sufficiency Overestimation Number of leaves 

NP P %Dif. NP P %Dif. NP P %Dif. 

2 0.650 0.650 0% 0.374 0.374 0% 4 4 0% 

3 0.756 0.729 -4% 0.436 0.372 -15% 8 5 -38% 

4 0.796 0.771 -3% 0.404 0.349 -14% 16 9 -44% 

5 0.839 0.817 -3% 0.397 0.355 -10% 29 16 -45% 

6 0.883 0.818 -7% 0.470 0.334 -29% 47 19 -60% 

7 0.893 0.839 -6% 0.396 0.322 -19% 75 36 -52% 

8 0.892 0.870 -3% 0.331 0.337 2% 108 56 -48% 

9 0.897 0.870 -3% 0.320 0.325 2% 135 68 -50% 

10 0.908 0.870 -4% 0.330 0.325 -2% 153 69 -55% 

QUEST 

Max.  

tree depth 

Sufficiency Overestimation Number of leaves 

NP P %Dif. NP P %Dif. NP P %Dif. 

2 0.790 0.662 -16% 1.329 0.798 -40% 4 3 -25% 

3 0.775 0.662 -15% 1.322 0.798 -40% 8 3 -63% 

4 0.835 0.821 -2% 1.111 1.106 0% 16 10 -38% 

5 0.838 0.824 -2% 0.549 0.555 1% 30 15 -50% 

6 0.806 0.837 4% 0.530 0.435 -18% 50 25 -50% 

7 0.823 0.847 3% 0.509 0.420 -18% 74 38 -49% 

8 0.803 0.841 5% 0.463 0.385 -17% 106 49 -54% 

9 0.809 0.780 -4% 0.468 0.368 -21% 138 59 -57% 

10 0.813 0.788 -3% 0.431 0.345 -20% 161 66 -59% 
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and overestimation.  A static threshold value between 0.2 

and 0.3 seems the most defendable since similarity and 

equality are best for these values. For dynamic threshold 

values, the CRT algorithm is better for b=0 and b=2. For 

b=1 it depends on the weight for higher sufficiency 

versus lower overestimation whether CRT or QUEST 

gives the best results. 

6 Conclusions 

In this study, we evaluated the use of traditional decision 

tree algorithms CRT, CHAID and QUEST to determine 

viable sets of junction design alternatives based on a 

given traffic demand pattern and the available space for a 

junction. We constructed multi-labelled decision trees by 

using the predicted probabilities of the resulting tree. To 

evaluate the different decision tree algorithms, we 

analysed the accuracy and complexity of the resulting 

trees. We introduced new accuracy measures such as 

sufficiency and overestimation. Different decision tree 

algorithms, being CRT, CHAID and QUEST, were 

evaluated with different maximum tree sizes, model 

parameters and threshold values. The most important 

conclusion is that it is possible to use traditional decision 

tree algorithms to construct decision trees which can be 

used to predict sets of junction design alternatives. If we 

use the sufficiency as the measure for the accuracy, we 

can conclude that the trees can be used to predict a viable 

set of junction design alternatives with an 80-90% 

accuracy. In an unpruned situation, 90% can be reached. 

In an unpruned situation, 81% can be reached for a tree 

with 5 levels and 16 leaves. Overall, the CRT algorithm 

produces the highest values for sufficiency, similarity and 

equality and the lowest values for overestimation. An 

optimal value for the threshold value used to determine 

whether a solution should be part of the predicted set of 

solutions is dependent on the required levels of 

sufficiency and overestimation. 

 An interesting extension of this research would be to 

apply the multi-labelled decision tree algorithms as 

suggested by [10] and [11] with the results from the 

traditional algorithms used in our study. Furthermore, it 

would be interesting to take a closer look at the 

constructed decision trees, the attributes included in the 

tree models and the operational and safety performances 

of the predicted sets of solutions. After all, the set of 

junction design alternatives in our data is the Pareto 

optimal set of solutions based on both operational and 

safety performance. 
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Figure 5. Accuracy performance measures by static threshold values for the CRT and QUEST decision tree algorithms with pruning 

and maximum tree depth=5. 
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