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Abstract. In the educational services, students’ emotions are an important factor 

that determine its effect. We have previously conducted research that led them to 

target emotions using environmental factors. However, the study used the bayes-

ian network based on domain knowledge to predict emotions, which may differ 

from the actual environment. In this paper, we propose a method to learn the 

bayesian network for group emotion prediction in kindergarten from data through 

evolutionary computation. The learning data are brightness, color temperature, 

sound, volume, smell, temperature, humidity, and current emotion. The structure 

of the network is encoded with two chromosomes to represent nodes and arcs. To 

explore the optimal structure, evolutionary operators are used that can convey 

information in sets. We also experiment with various inference nodes not ob-

served. Experimental results show that the accuracy is 85% with 20 inference 

nodes, which can replace network designed with domain knowledge. By compar-

ing the evolution of the best model, we analyze the influential factors that deter-

mine the structure. 
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1 Introduction 

In educational services such as kindergarten, children's emotional status affects educa-

tional effectiveness [1]. We have previously conducted research to control environmen-

tal stimuli to induce target emotion that influence educational effectiveness in kinder-

garten [2]. This study predicted the group emotions of the next time based on current 

environmental conditions. The environmental information we collected is shown in Ta-

ble 1, where emotions are classified into four based on Russell's emotional model [3]. 

However, there are uncertainties in the actual environment that environmental stimuli 

may cause one emotion but also cause various emotions. To control them, we used a 

bayesian network with probabilistic reasoning as the prediction model. It was con-

structed based on domain knowledge such as literature and research. But, if it is de-

signed with domain knowledge only, it may be different from the actual environment. 

To solve this problem, it is possible to construct it based on the collected environmental 
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information. A score-based or relationship-based method can be applied as a learning 

method, but evolutionary computation is appropriate when the data on the relationship 

between environmental stimuli and emotions is not available. 

In this paper, we propose a modeling of the bayesian network for group emotion 

prediction in kindergarten using evolutionary learning. To learn its structure through 

evolutionary computation, it is encoded as an individual, and then the individual is 

evolved by applying an evolutionary operator. We create the individual and define the 

evolutionary operators based on Larrañaga [4]. Conditional probability tables (CPTs) 

of the bayesian network are learned through the expectation-maximization algorithm 

(EM algorithm) [10]. Fitness of the individuals is evaluated by the accuracy of the emo-

tion prediction to evolve only good ones. To verify the proposed method, environmen-

tal sensor data and emotion data collected from kindergarten are used. We analyze the 

prediction accuracy and the search process of the best model. 

Table 1. Measurable environmental factors in kindergarten 

Type 
Factors 

Category Value 

Environment 

Brightness 200lx, 700lx, 1000lx 

Color temperature 1000k, 3000k, 7000k 

Sound 
S_1, S_2, S_3, S_4 

(predefined sounds) 

Volume 20dB, 40dB, 60dB 

Smell lavender, rosemary 

Temperature 18C, 23C, 25C, 28C 

Humidity 30%, 40%, 50%. 70% 

Emotion Current Emotion 
Positive_Arousal, Negative_Arousal, 

Negative_Relax, Positive_Relax 

 

2 Related Works 

2.1 Bayesian Network 

Bayesian network is a directed acyclic graph (DAG) expressing the relations of nodes 

and describes probabilistic relations with conditional probability tables (CPTs). Poste-

rior belief of unobserved nodes, 𝐵𝑒𝑙(ℎ) is calculated by applying Bayes' Rule [11] as 

follows: 

               𝐵𝑒𝑙(ℎ) = 𝑃(ℎ | 𝐸) =  
𝑃(𝐸 | ℎ)𝑃(ℎ)

𝑃(𝐸)
=  

𝑃(𝐸 ∧  ℎ)

𝑃(𝐸)
 

    (1) 

where ℎ is the hypothesis of a node state and 𝐸 represents a given evidence set E. The 

joint probability distribution is computed by Chain Rule as equation (2). 



𝑃(𝑋𝑣) = 𝑃( 𝑋1, … , 𝑋𝑛)

                                                = 𝑃( 𝑋1)𝑃(𝑋2|𝑋1)𝑃(𝑋3|𝑋1, 𝑋2) … 

                        = ∏ 𝑃(𝑋𝑣|𝑋𝑝𝑎(𝑣) )𝑣∈𝑉

 (2) 

where 𝑝𝑎(𝑣) denotes the set of parent variables of variable X𝑣  for each node 𝑣 ∈ 𝑉. 

2.2 Learning Bayesian Network  

The problem of finding the structure of a bayesian network is the NP-hard problem in 

the same form as a travelling salesman problem (TSP) because the connection between 

all nodes must be considered. There are various methods of solving a TSP, and an ap-

proximate solution can be obtained by evolutionary computation. The structural learn-

ing of the bayesian network using evolutionary computation is a method of finding the 

approximate solution of TSP through evolutionary computation [5]. The method of ap-

plying evolutionary computation for the structure determination of the bayesian net-

work was proposed by Larrañaga [4] for the first time. This method expresses the con-

nection structure of the bayesian network as a gene. 

There are many ways to express the bayesian network for evolutionary computa-

tion. The most common method is to use a connection matrix. Connection matrix con-

sists of nxn matrices in which the connection between nodes is expressed as 0, 1 for the 

bayesian networks with n nodes, and is a sparse matrix. This method requires a process 

of determining the sort order of nodes because the probability that adjacent nodes 

change together increases over generation [5]. In a similar way, there is a method of 

representing a network by using a list of parent nodes for each node. This method is 

complex to implement, but has an advantage in that the amount of computation required 

for the structure search and the fitness calculation is small. 

While the above methods represent a network by encoding a graph, there is also a 

way to represent the network in the form of a graph from the beginning. This method 

avoids the loss of information that can occur during encoding and decoding process, 

and creates a new individual only through mutation operations. There is Edge-time tu-

ples method for representing the dynamic bayesian networks. This method is used as 

an auxiliary method for expressing the temporal relationship between nodes in the form 

that the output value of the node at the current point and the nodes that affect the next 

point are grouped together [6]. 

3 Proposed Method  

3.1 Search Procedure of Bayesian Network 

The procedure of the proposed method proceeds according to the flowchart in Figure.1. 

We calculate the fitness of the initialized population after learning parameters. Individ-

uals with high accuracy are selected as parents and the evolutionary operators are ap-

plied to make them children. When children are created as many as the number of in-



dividuals we set, the existing population are replaced by a new population and this pro-

cess is repeated. As evolution reaches the number of generations, we output the optimal 

individual with the highest fitness in the last generation to the final network structure. 

3.2 Determining Nodes 

In the proposed method, Nodes are divided into three kinds. First, input node is a node 

that is set as the evidence value and each value of environment elements is defined as 

one node.  Input node has a binary state excluding current emotion node and only 

whether the evidence value is entered is passed to the connected node. Current emotion 

node includes four states of positive-arousal (P-A), positive-relax (P-R), negative-

arousal (N-A), negative-relax (N-R) and evidence value is entered in one of these states. 

There are 23 input nodes in total. 

Next, output node is only one node that represents the probabilities predicting 

emotions at next time. This node also includes four states of P-A, N-A, N-R, P-R as 

current emotion node and selects the most probable state as predicted emotion.  

Finally, Intermediate node is not directly connected to the data as a node with no 

special meaning. All of these nodes have a binary state and each node is used to repre-

sent the structure of the entire network, not the meaning. As the number of intermediate 

Figure 1. Process of the proposed method 



nodes used in the optimal structure increases, it means that there are many parameters 

used in the optimum structure. 

3.3 Encoding Bayesian Network  

The chromosome representation follows the method of Larrañaga [4]. Bayesian net-

work was encoded with the nodes’ sequence information chromosome and linkage in-

formation chromosome to prevent the appearance of an impossible bayesian network 

structure.  

Sequence information is a vector containing the index of the node 𝐿 = {𝑥1, 𝑥2, … , 𝑥𝑘} 

When two nodes are connected, the preceding node is the cause of the trailing node. 

Since the length of 𝐿 is equal to the total number of nodes 𝑛, the number of intermediate 

nodes whose number is only undetermined is 𝑛𝑚𝑖𝑑, so that |𝐿| = 𝑛 =  𝑛𝑚𝑖𝑑 + 24.  

Next, a vector   𝐶′ representing linkage information between nodes is generated 

from connection matrix 𝐶. Connection matrix 𝐶 has the size of 𝑛×𝑛 and the element of 

the matrix is expressed as 0, 1 as the connection state between two nodes. The element 

𝑐𝑖𝑗  in row 𝑖 and column 𝑗 is defined by equation (3). 

𝑐𝑖𝑗 = {
  1          if  arc is from node 𝑖 to node 𝑗     
0          otherwise                                         

 (3) 

Here, 𝑖 and 𝑗 are the position indexes in the vector 𝐿 defined above. In the case 𝑖 < 𝑗 

where the causal relationship is inverted and 𝑖 = 𝑗 where the node is facing itself and 

no such arc exists, so it always has a value of 0. In the matrix, the part that always has 

0 is excluded and the remaining part is serialized sequentially from the first line to 

Figure 2. Chromosome representation of bayesian network 



generate a vector 𝐶′ of length 𝑛(𝑛 − 1) 2⁄ . An example of chromosome representation 

is shown in Fig. 2. 

3.4 Evolutionary Operation 

We applied Cycle crossover, Displacement mutation, Bit-flip mutation as evolutionary 

operators. Each of these operations occurs stochastically, both of which may or may 

not occur. The operation of each operator is shown in Figure 3, 4, and 5. 

Node’s Sequence Chromosome.  

This chromosome uses Rank-based selection operator to select parents and performs 

Cycle Crossover and Displacement Mutation. 

• Cycle Crossover: The crossover follows the position of another individual corre-

sponding to a specific position of one individual, separates the parts forming the 

cycle, exchange them. Since the operator exchanges the remainder except parts hav-

ing the same type of structure, it is easy to hand over the set having the same asso-

ciation to each other to next generation at once. Whether this crossover is performed 

or not is determined by crossing rate. 

Figure 3. Cycle crossover on a sequence chromosome 

Figure 4. Displacement mutation on a sequence chromosome 



• Displacement Mutation: The mutation randomly selects a substring, then remove the 

string and inserts it into another arbitrary position. This operator can create a new 

individual without destroying a good piece of schema by moving the entire schema 

fragment. 

 

 

Linkage Chromosome.  

This chromosome is subjected to Bit-flip Mutation. The mutation is used to avoid local 

optima problems that can occur when searching within a limited space. This operator 

performs Not operation at any point to create or delete a connection for a new structure. 

Whether this mutation is performed or not is also determined by mutation rate. 

3.5 Evaluating fitness 

After constructing the structure of a bayesian network through the above process, CPD 

is set through EM algorithm. Since the information that can be collected is only the 

elements shown in Table 1, CPD for each connection is determined through a learning 

process of a partially observable model after the generated reasoning level is mapped 

to the input-output level. The bayesian network with the learned CPD is evaluated for 

fitness through prediction accuracy. 

4 Experiment and Results 

4.1 Experiment Design 

To verify the proposed method, the experiment was conducted at a real kindergarten 

with a sensor for collecting environmental information. Data were collected during pre-

curricular mathematics and music lessons. Ten students participated in each class and 

the students' group emotions were gathered by assigning emotions at that point as the 

teacher watched the recorded video after the experiment. The lessons were conducted 

Figure 5. Bit-flip mutation on a linkage chromosome 



twice a day for five days, and a total of ten classes were held. The class was 20 minutes 

and data were collected every 1 minute. A total of 197 data were obtained excluding 

some missing data. The collected environmental information was preprocessed in the 

form shown in Table 1. 

In the network search, the number of intermediate nodes was changed from 10 

to 40 in 5 units, and the number of total nodes was changed from 34 to 64. Since the 

amount of experimental data was not sufficient, we applied 5-fold cross validation. 75% 

of the triaging data was used for the parameter learning using EM algorithm and 25% 

was used for measuring the fitness of the learned network. The parameters used in the 

experiments are 0.7 crossover rate, 0.02 mutation rate, 1000 generations and 20 popu-

lation size. 

4.2 Prediction Accuracy 

The results are shown in Figure 6. The network generated by the proposed method 

showed the highest average accuracy of 82.5% when the number of inference nodes 

was 20. This is about 2% lower than 84% of the previously manually designed network 

[5]. However, the maximum accuracy was improved to 85% from 15 and 20 nodes. In 

addition, the accuracy increased until the number of inference nodes is 20, but tended 

to decrease from 25 nodes or more. The decline in accuracy as the number of nodes 

increases is due to the difficulty of finding the optimal structure as search space be-

comes wider. 

4.3 Analysis of the Best Individual 

Additional analysis was performed on the individual with the highest performance with 

85% accuracy. Figure 7 shows the Bayesian network. The network consisted of nodes 

of Sound Type connected to each other and exchanged information. All three of the 

Figure 6. Prediction accuracy by the number of intermediate nodes 



four nodes were connected to one intermediate node. Considering that the remaining 

node is a sound that has not appeared at all, information on Sound Type is managed by 

being grouped into one piece of information. 

Also, high humidity nodes had a great impact on other nodes. In low humidity 

nodes, there was not much connection of arcs, but in the case of humidity of 70% or 

more, arcs connected to 6 intermediate nodes existed. This means that the high humidity 

above a certain standard has a high degree of influence on emotions. 

In addition, one of the intermediate nodes merged the values of other intermediate 

nodes. This is similar to the bayesian network designed based on domain knowledge. 

The intermediate node was connected to five other intermediate nodes and received the 

values, integrated and delivered the integrated value to output node. 

5 Conclusion 

In this paper, we propose a method to learn the structure of the bayesian networks for 

group emotion prediction in kindergarten by evolutionary computation. This method 

applied the most commonly used evolution learning of the bayesian network to the 

emotion prediction domain, and we consequently searched for the best structure of the 

network that shows better performance than it designed with domain knowledge. As a 

result of analyzing the structure, it had a similar form to the manually designed network. 

Some influential stimuli constituted a separate set to improve the performance. The 

bayesian network designed with evolutionary computation had the capability to replace 

Figure 7. The best group emotion prediction model  



it with domain knowledge. However, in the case of the manual networks, parameters 

have been manually adjusted for use in real environments. The network constructed by 

the proposed method requires additional adjustment because of fewer data used for pa-

rameter learning. In the future, it is necessary to apply not only kindergarten domain 

but various education related domains, and further education, to various services related 

to emotion prediction. We will also conduct research to reduce search space by reflect-

ing domain knowledge in the learning stage. 
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