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Abstract
Automatic reading level for detection and classification is a challenging problem in machine 
learning. A multilevel feature extraction-based self-organized model may be useful to over-
come this hurdle without using deep learning, which requires an ultra-large sample size. In this 
work, a novel speech dataset was collected from 57 primary school students by reading a fixed 
paragraph, and experts labeled these speeches as good, moderate, or bad. We then developed a 
handcrafted, self-organized learning model. We constructed a novel method using a multilevel 
feature extraction method, termed improved orbital pattern (IOP) and wavelet packet decom-
position (WPD). The proposed IOP generates textural features from the speeches and the used 
wavelet bands. These extracted features are input to neighborhood components analysis (NCA) 
to reduce feature dimension. Then the feature set is input to the support vector machine (SVM) 
classifier to obtain loss values. The output of ten feature vectors of the NCA and SVM clas-
sifiers are merged to provide the final feature vector. The most significant 512 features were 
selected using the NCA feature selection function. These 512 features are classified via the 
SVM classifier with tenfold cross-validation (CV) and leave-one-subject-out (LOSO) valida-
tion strategies. The proposed IOP and WPD-based model yielded an accuracy of 92.75% with 
a tenfold CV and a 76.18% accuracy using LOSO validation strategies in classifying bad, inter-
mediate, and good reading levels. Our developed model is ready to be validated with more data 
before its actual usage in schools to aid the teachers.

Keywords  Human–computer interface · Teaching/learning strategies · 21st-century 
abilities · Data science applications in education

1  Introduction

In today’s age of rapid information dissemination, effective reading and comprehension 
skills are vital to fully participate in society and the workplace [1, 2]. Reading is a criti-
cal multidimensional skill that should be acquired early [3]. Reading includes linguistic 
and cognitive processes to facilitate understanding of the meaning of written text [4]. One 
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important focus of reading education is fluency, the ability to read a text quickly and accu-
rately. Students who cannot read texts fluently are more hesitant, and reading can become 
boring and tiring, slowing comprehension skills [5, 6]. Difficulties in fluent and accurate 
reading, if not appropriately identified and addressed as early as possible, can result in dif-
ficulties in student comprehension, knowledge acquisition, and flow, with the possibility of 
negative impacts on self-esteem and social skills, along with life-long repercussions [7].

We present here a summary of reading skill studies that have been performed in Tur-
key and suggest how computerized systems, for example, machine learning or data mining, 
could have improved the speed and depth of study.

1.1 � Motivation and method

Machine learning (ML) models are very popular nowadays, and ML models have generally 
been used in various research areas to simplify tasks [8–11]. Education is one of the disciplines 
in which machine learning is used most frequently [12, 13]. Our primary aim is to help students 
with learning difficulties. In the first phase, a detection model has been proposed. This detection 
model concerns reading level classification. Classification of reading level is of critical impor-
tance in primary school education. Early detection of reading difficulties and disorders is criti-
cal to rapidly implementing remedial measures tailored to the particular areas of reading that 
children find challenging. There is potential for artificial intelligence (AI) to assist in the accu-
rate detection of reading difficulties. The main motivation of this study is to propose a novel 
automated reading level classification model using handcrafted features-based effective learn-
ing. We collected a new speech dataset from primary school students who read a standard para-
graph. Feature engineering is a crucial study area used to develop machine learning models. We 
developed a local feature generator called the ’improved orbital pattern’ (IOP) in this work. IOP 
created a feature vector of 2048 in length.

The main motivation of IOP is to extract hidden patterns by analyzing the relationships 
between multiple orbitals. In contrast, local binary pattern (LBP) [14, 15] only considers a 
single orbital to extract features. Therefore, in this study, we utilized three orbitals in IOP 
to extract distinctive multi-orbital patterns similar to Saturn and analyzed the relationships 
between the orbitals in depth. Briefly, the introduced IOP is considered as the first version 
of the Saturn patterns, and we have investigated the feature extraction ability of this model 
in this work. Moreover, the wavelet packet decomposition (WPD) [16] model is used as a 
subband generator that helps generate high and low-level features. The proposed feature engi-
neering model is a self-organized learning model that selects the most valuable bands accord-
ing to classification performance. The performances of the bands have been calculated using 
the SVM classifier [17]. The final feature vector is created by merging the top 10 feature 
vectors, and the best 512 (per the test results, we attained the best classification performance 
with 512 features) features are chosen using neighborhood components analysis (NCA) as the 
feature selector [18]. We employed ten-fold cross-validation (CV) and leave one subject out 
(LOSO) validation techniques to develop our model.

Briefly, our main motivations are:

–	 Propose an automated reading level classification model using feature engineering,
–	 Collect a new speech signal dataset to contribute to speech classification,
–	 Present a smart assistant model for education.
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1.2 � Main contributions and novelties

The main contributions and novelties of our IOP-WPD and NCA-based speech classifica-
tion model are:

–	 To the best of our knowledge, the presented model is the first self-organized feature 
engineering model to classify reading levels of primary school students (Bad, Interme-
diate/Moderate, and Good). In this respect, we are the first research team to propose a 
speech-based reading-level classification model.

–	 A new speech dataset was collected from 57 primary school Turkish students. To the 
best of our knowledge, this topic has no public dataset. Therefore, we collected speech 
signals from a group of 57 participants.

–	 A new textural feature extraction-based speech descriptor (IOP) is introduced. We have 
presented a new kernel and a new paradigm to obtain features.

–	 A self-organized feature generation model is presented.
–	 We have used a three-level feature selection methodology.
–	 To illustrate the robustness of our presented self-organized learning method, tenfold 

cross-validation, and LOSO cross-validation are employed.
–	 The presented model attained satisfactory classification performance.

2 � Literature review

A few previously presented automated reading level detection are also summarized as follows. 
Bolanos et al. [19] analyzed reading fluency level. They used 783 one-minute recording cor-
pora for 313 students in the US state of Colorado. They obtained an accuracy rate of 83.30%. 
Kodan [20] presented a model to evaluate reading difficulties. Data from second, third, and 
fourth-grade primary school students of Turkey were used. The average number of mistakes in 
the text was found to be 8.75, 22.16, and 52.78 for independent, teaching, and anxiety levels, 
respectively. Moreover, the overall duration taken to read the text was 3.73, 4.38, and 6.42 min 
for independent, teaching, and anxiety, respectively. Xiao and Hu [21] presented a study for 
English as a second language level assessment using machine learning techniques in Canada. 
203 learners from the PIRLS 2016 dataset were analyzed. They attained an accuracy rate of 
79.30%. Babayigit [22] investigated the effect of word length on reading ability in Turkish. 
Data were collected from 342 primary school students. Data were analyzed using descriptive 
statistical methods (frequency, percentage, mean), and a one-way analysis of variance was per-
formed for samples unrelated to inferential statistics. The study found that first-grade students 
had an average reading time of 72 ms per word, and second-grade students, third-grade stu-
dents, and fourth-grade students had an average of 48 ms per word, 28 ms, and 26 ms, respec-
tively. His study reported a significant relationship between students’ grade levels and their 
reading speed according to word length. Ulu [23] evaluated 279 primary school students’ read-
ing levels. Problem-solving success was classified as high or low (the two-class problem was 
defined), depending on their reading speed, reading accuracy percentage, prosodic reading, 
literal comprehension, and inferential comprehension data. He used discriminant analysis on 
their collected data. The study determined that fluent reading skills did not affect students’ 
problem-solving abilities. Feature engineering models are faster than deep learning models. 
Hoskins et al. [24] proposed an approach to detect reading deficits. They evaluated 722 school 
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pupils’ data for Carolina automated reading evaluation and dynamic indicators of basic early 
literacy skills tests. Their study confirmed that the Carolina automated reading evaluation 
could be used as a reading screening tool. Furthermore, an accuracy rate of 68.84% for binary 
classification was obtained.

As can be seen from the literature review, the gaps in the previously presented models are:

–	 The used datasets only detected bad or good. They used only two datasets.
–	 These datasets were not collected from a homogenous group. This heterogeneous state 

affected classification accuracy.
–	 Some models only utilized statistical or manual analysis.

We have presented a new IOP and NCA-based reading level classification model using 
speeches to fill these gaps.

3 � Dataset

We created a dataset involving 57 students from Diyarbakır Kokulupinar primary school 
in Turkey. The Social and Human Sciences Research Ethics Committee, Firat University, 
Turkey approved the study. The classroom teacher, who voluntarily supported the study, 
identified fifty-eight students they considered to have good, average, and poor reading 
skills at their school. The parents of these students were contacted about the study by the 
study investigators via telephone to explain the study and obtain permission. The voluntary 
nature of the study was explained. All parents agreed to their child’s participation, although 
one parent subsequently asked to withdraw his child from the study. The study included 
28 female and 29 male students, whose ages varied between 8 and 11 (the average age is 
10.15). The reading levels and genders of the students are given in Table 1.

The study population has been tabulated in Table 1, and a fixed/standard paragraph was used to 
detect the reading level of the participants. A standard reading text is given in Appendix 1. Moreover, 
the teachers of these students made labeling and we validated these labels according to their reading 
points.

We called the participants’ parents and obtained permission from them for the participa-
tion of their child to this study. The collected speech files were split into separate files for 
each sentence. While naming the resulting files, sequential and underscore character dis-
tinction was used in the form of reading level, person ID, and file ID.

The audio files were listened by three different teachers independently, blinded to each 
child’s name. Each sentence was labeled according to the reading level. Some students read 
some sentences well and others poorly. For this reason, the numbers in each class differed 
according to the reading level. The number of observations is shown in Table 2. This data-
set was uploaded to Kaggle [25].

Table 1   Details of the collected 
dataset

Reading Level Female Male Total

Bad 3 15 18
Good 14 5 19
Intermediate 11 9 20
Grand Total 28 29 57
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4 � IOP‑WPD and NCA based learning model

Our main objective is to propose a new machine learning model for reading-level classifi-
cation. Thus, we have proposed a new feature engineering. Feature engineering is a vital 
research area which involves various learning methods, and models in the literature. The 
most important attribute of the feature engineering models is low time complexity. The 
main purpose of this work is to present a self-organized feature engineering model. There-
fore, a new LBP-like speech descriptor was suggested, called IOP. IOP generates textural 
features like LBP but uses a special pattern [14, 15]. By using WPD and the suggested IOP, 
a handcrafted, multilevel feature extraction method was followed. We wanted to depict 
the learning steps of our proposal. A new approximation concerning the LBP-like feature 
extraction function has been presented by proposing an IOP descriptor. The presented IOP-
WPD and NCA-based model contain IOP and WPD-based multilevel feature vector crea-
tion, the feature is chosen to employ NCA, and classification is done by deploying SVM. A 
summarization of the presented model is shown in schematic form in Fig. 1.

Table 2   Number of observations 
by reading levels

Reading Level Observation

Bad 402
Intermediate/Moderate 460
Good 437
Total 1299

Fig. 1   Schematic illustration of the proposed IOP-WPD and NCA-based model. Here, w: wavelet bands, F: 
feature vectors, f: selected feature vectors, l: loss values and s: selected final feature vectors
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Figure 1 indicates that WPD with seven levels has been applied to each speech signal, 
and 254 wavelet bands have been created, which are each signified with a ‘w’ in Fig. 1. The 
presented IOP has been utilized as the main feature extraction function and it generates 255 
feature vectors from the used 255 (254 wavelet bands + 1 raw speech signal). The generated 
feature vectors are shown in Fig. 1 using F. The top 256 features out of 2048 features are 
selected using NCA, and decreased features (depicted using f) are calculated with the SVM 
classifier applied to calculate loss values (l1, l2, …, l255). Utilizing loss values, the top 10 
feature vectors are chosen (s is utilized to show top features), and these features are merged. 
Finally, NCA selects the top 512 features, and SVM generates validation predictions.

Moreover, the pseudocode of this model is provided in Algorithm 1.

Algorithm 1   IOP-WPD and NCA-based speech classification model 
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In Algorithm 1, NS defines the number of speech in the used dataset, IOP(.) represents 
the IOP feature extraction function, and details of this function are introduced in the fea-
ture extraction section, fsNCA(., .) is the feature selection with the NCA function, and idx 
denotes sorted indexes. This presented feature engineering model is a parametric learning 
model. The used parameters have been defined in the Results section.

A detailed explanation of our paradigm is given below, phase by phase. The phases of 
the presented speech signal classification model are:

–	 Self-organized feature extraction,
–	 Feature selection,
–	 Classification.

Moreover, the steps of our proposal are given below.

4.1 � Self‑organized feature extraction

The most important phase of the presented IOP- and NCA-based reading level determina-
tion model is feature extraction since we have recommended a new function in this work. 
Moreover, a new multileveled and self-organized feature extraction method has been pro-
posed. This study used a classic machine learning model as the feature extractor. Herein, the 
implemented main feature creation function was the IOP, which is a novel feature extractor. 
We were inspired by the local binary pattern (LBP) [26, 27] to propose this model, and a 
new binary feature extraction approximation has been presented in the presented IOP feature 
extraction. The steps of our presented self-organized feature extractor are:

Step 1: Apply wavelet packet decomposition (WPD) to the speech signal. In the WPD, 
symlet four (sym4) has been utilized as the mother wavelet filter. The sym4 filter is one 
of the most commonly used mother wavelet functions for one-dimensional signals [28, 
29]. Using WPD, the wavelet bands have been generated, and these generated frequency 
bands have been used to create high-level features.

Herein, wk is the kth wavelet band, and WPD() defines wavelet packet decomposition, 
while s represents the used signal. The parameter and the used input of the WPD are 
given in Eq. (1). The input is ( s ) and the parameter is the number of levels. In this work, 
we have used a seven-levels of WPD. A brief explanation of the WPD is given below.

Wavelet Packet Decomposition (WPD)  WPD [28, 29] is a commonly preferred multilevel 
wavelet decomposition technique. Discrete Wavelet Transform (DWT) generates two bands 
from a signal and these are named the low-pass filter (L) coefficients band and high-pass 
filter (H) coefficient band. L bands are the approximate bands, and H bands are the detailed 
bands. Generally, feature engineering models have used L bands to extract features in the 
frequency domain. However, H bands help to generate salient features. To solve this prob-
lem, WPD has been used for multilevel feature generation. Levels have been generated 
using both L and H bands with the WPD. Hence, this generates a balanced binary tree. It 
is a parametric decomposition. The parameters of WPD are the number of levels and the 

(1)wk = WPD(s, 7), k ∈ {1, 2,… , 28 − 2}
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wavelet filter. WPD generates 2l+1 − 2 wavelet bands. In this work, l defines the number of 
levels. In this view, it generates more options than other decomposition models.

Step 2:	 Extract features from speech and w (bands) deploying IOP. IOP is a textural feature extrac-
tion function. We propose an IOP feature extraction function that performs feature extraction 
on a one-dimensional signal. Specifically, we consider a set of 255 input signals consisting of 
the raw speech signal and 254 wavelet bands generated by the WPD of the speech signal. We 
employ the IOP feature extraction function to extract features from each input signal, which 
applies overlapping blocks with a length of 49 and extracts bits from each block. Using this 
approach, our method achieves effective feature extraction from the input signals.

	   where F is the extracted features deploying IOP. The steps of IOP are:

Step 2.1:	Divide the used one-dimensional input used into overlapping windows with a 
length of 49.

Herein, bi defines the ith overlapping window, with a size/length of 49, I represents the 
used input signal, and L is length of the used signal.

Step 2.2:	Transform the overlapping blocks into 7 × 7 sized matrices. Vector to matrix trans-
formation is defined below.

where mi is the ith matrix, with a size of 7 × 7 by generating from bi.
To apply our suggested pattern, the implemented pattern is depicted in Fig. 2.

(2)F1 = IOP(s)

(3)Fk+1 = IOP
(
wk

)
, k ∈ {1, 2,… , 28 − 2}

(4)bi(j) = I(i + j − 1), i ∈ {1, 2,… ,L − 48}, j ∈ {1, 2,… , 49}

(5)
mi(k, l) = bi(l + 7 × (k − 1)), i ∈ {1, 2,… ,L − 48}

k ∈ {1, 2,… , 7}, l ∈ {1, 2,… , 7}

Fig. 2   Pattern of the IOP feature 
extraction function
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In Fig. 2, the employed values are grouped into three categories to create three orbits: r, 
q, and p. C denotes the center value. By using these values, eight feature map signals have 
been created. The utilized binary feature extraction function is described below.

The feature extraction function is designed to extract features using three orbits. A mini-
mum 7 × 7 square matrix is used to extract the features.

Step 2.3:	Generate binary features deploying our proposed bit creation approximation.

In Eq. (6), the employed kernel is defined, and values (v) range from 1 to 8 are cre-
ated. We obtain eight bits of resolution with eight categories using these values. Binary 
features extraction using these values is defined below.

Step 2.4:	Generate map signals using the bits extracted.

Step 2.5:	Extract histograms of each map signal. The histogram is a counter that shows how 
many times the values of the map signal are repeated. Using these values, features are 
obtained. Histogram-based feature extractors are useful for classification as they give 
the probability of repeating each value of the map signals. Hence, we have proposed a 
histogram-based feature extractor.

Step 2.6:	Merge the eight generated histograms and obtain a feature vector of 2048. We have 
used the concatenation function in this step.

Steps 2.1–2.6 define the proposed IOP feature extraction/generation function. We used 
orbits to get features in the presented IOP feature extraction function. Moreover, we have 
proposed a new kernel to extract valuable features. Three orbits have been utilized. This 
model is a new LBP-like model and extracts more features than LBP. Therefore, IOP gen-
erates more hidden patterns than other LBP-like feature extraction functions.

Step 3:	 Decrease the dimension of the generated features (F) by deploying the NCA selec-
tor. 256 out of 2048 generated features are obtained.

(6)k
�
rw, qw, pw

�
= vw =

⎧
⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩

1, rw − c < 0 and qw − c < 0 and pw − c < 0

2, rw − c < 0 and qw − c < 0 and pw − c ≥ 0

3, rw − c < 0 and qw − c ≥ 0 and pw − c < 0

4, rw − c < 0 and qw − c ≥ 0 and pw − c ≥ 0

5, rw − c ≥ 0 and qw − c < 0 and pw − c < 0

6, rw − c ≥ 0 and qw − c < 0 and pw − c ≥ 0

7, rw − c ≥ 0 and qw − c ≥ 0 and pw − c < 0

8, rw − c ≥ 0 and qw − c ≥ 0 and pw − c ≥ 0

,

w ∈ {1, 2,… , 8}

(7)bith
w
=

{
0, h ≠ k

(
rw, qw, pw

)
1, h = k

(
rw, qw, pw

) , h ∈ {1, 2,… , 8}

(8)maph(i) =

8∑
t=1

bith × 28−h, , i ∈ {1, 2,… ,L − 48}
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Step 4:	 Compute error values (loss array) utilizing the SVM classifier with a tenfold CV.
Step 5:	 Choose the top 10 feature vectors (top f vectors) deploying loss values.
Step 6:	 Merge the chosen top 10 vectors. We have used the concatenation function in this 

step, like in Step 2.6.

The given six steps above define the presented feature creation model, and 2560 features 
are generated.

4.2 � Feature selection

As is elucidated in Sect. 3.1, NCA is used to choose the best/most valuable features. Thus, 
NCA has been considered to choose 512 salient features from the 2560 features created 
[18, 30]. In order to determine the best working feature selector, we tested four feature 
selection functions (Chi2, ReliefF, mRMR, and NCA) and the best performing feature 
selector is NCA, and the 512 features provide satisfactory results. NCA is a distance-based 
learning method similar to the k-nearest neighbor algorithm. Moreover, the stochastic gra-
dient descent (SGD) method is used with NCA to easily select the most useful features. 
Herein, the fitness function of this solver is an L1-norm-based distance.

Step 7:	 Choose the most useful 512 features out of 2560 features created.

4.3 � Classification

The last phase is classification. Herein, we proposed a feature engineering model. There-
fore, we have used a shallow/conventional classifier to show the high classification capa-
bility of the selected features. SVM is the most widely used conventional classifier in the 
literature and has various kernels. Hence, we have chosen SVM as the classifier [17]. The 
hyperparameters of the SVM used are:

Kernel: polynomial order
Degree: 3rd

Box constraint: 1
Coding: One-Vs-One
Validation: tenfold CV / LOSO

In this work, we have used Cubic SVM, and default settings were engaged to create a 
validation prediction vector.

Step 8:	 Classify 512 features using SVM with LOSO/tenfold CV strategies.

(9)idxh = fsNCA
(
Fh, y

)
, h ∈ {1, 2,… , 255}

(10)fh(k, l) = Fh

(
k, idxh(l)

)
, k ∈ {1, 2,… ,NS}, l ∈ {1, 2,… , 256}
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5 � Results

We have presented a self-organized feature extraction model and a three-leveled fea-
ture selection phase to obtain high classification performance in this work since we have 
addressed the reading level classification. The performance of this work has been provided 
in this section.

5.1 � Model construction

We presented a parametric feature engineering architecture, which was programmed with 
a simple computer. We only required 8 GB of main memory, a simple CPU (over 3 GHz 
frequency), and the MATLAB (2021a) programming environment to program the IOP and 
NCA-based feature engineering model. There was no need to use parallel programming or 
an expensive graphical processing unit card for this system. Model parameters are given 
below (Table 3).

5.2 � Performance evaluation metrics

Four widely used performance evaluation parameters are employed in this work, given as 
follows. In papers noted in the published literature, classification has been evaluated by cal-
culating the accuracy of their performance; hence, we used accuracy. However, accuracy is 
an insufficient performance evaluation parameter for unbalanced datasets. Therefore, recall 
(classification accuracy of each class), precision (detection rate calculator) and F1-score 
(harmonic mean of the precision and recall) have been used in this model. The mathemati-
cal definitions of the used performance evaluation metrics are given below.

where a is accuracy, r means recall, pr represents precision and f1 is F1-score. The num-
ber of true positives ( tp ), true negatives ( tn ), false negatives ( fn ) and false positives ( fp ) 
are used to compute the performance matrices.

5.3 � Classification performance

The classification result of the proposed model is given in this section. In the classifi-
cation phase, we used two validation techniques, and these are tenfold CV and LOSO 
CV. For the tenfold CV method, the data is separated into ten folds, and this division 

(11)a =
tp + tn

tp + tn + fp + fn

(12)r =
tp

tp + fn

(13)pr =
tp

tp + fp

(14)f1 =
2 × r × pr

r + pr
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is generally performed randomly. In each fold, classification performance is calculated 
and the average classification performance is given as a general result. The LOSO CV 
separates data by subjects. In this validation method (LOSO CV), the first subject has 
been utilized for testing and the others have been used for training. LOSO CV renders 
real-world results of the used datasets but is slower than other validation techniques. 
We obtain the robust results using these validation strategies. The confusion matrices 
obtained using tenfold CV, and LOSO validation are depicted in Tables 4 and 5.

Table 4 shows the presented IOP-WPD and NCA-based method, which attained a clas-
sification accuracy of 92.75%. Moreover, category-wise results are displayed in Table 4. 
According to Table 4, the most accurate class attained a 96.10% recall rate.

The considered second validation technique is LOSO. The confusion matrix obtained 
for LOSO validation is shown in Table 5.

Table 5 illustrates that our paradigm achieved a 76.18% accuracy using the LOSO vali-
dation technique. In addition, the best recall rate of 80.50% is obtained for the Good class.

Table 4   Confusion matrix using tenfold CV

Actual outputs Predicted outputs

Bad Moderate Good

Bad 365 27 10

Moderate 11 419 29

Good 2 15 419

Recall 0.9080 0.9129 0.9610

Precision 0.9656 0.9089 0.9148

F1 0.9359 0.9109 0.9374

Table 5   Confusion matrix using LOSO

Actual outputs Predicted outputs

Bad Moderate Good

Bad 321 51 30

Moderate 61 316 82

Good 9 76 351

Recall 79.85 68.85 80.50

Precision 82.10 71.33 75.81

F1 80.96 70.07 78.09
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Also, the overall results obtained for tenfold CV and LOSO are tabulated in Table 6.
In addition, the suggested IOP-WPD and NCA-based speech classification model is 

self-organized. Each feature vector has been evaluated to create the final/optimal feature 
vector, and individual accuracies calculated are described in Fig. 3.

Figure 3 shows that the best accuracy was 88.36% using w7 (7th wavelet subband). We 
have chosen the top 10 feature vectors to construct a final feature vector. The ten best feature 
vectors were: 8th (extracted from w7), 32nd (extracted from w31), 4th (extracted from w3), 16th 
(extracted from w15), 64th (extracted from w65), 129th (extracted from w128), 65th (extracted 
from w64), 2nd (extracted from w1), 33rd (extracted from w32) and 1st (extracted from original 
speech signal). By concatenating these feature vectors and selecting the top 512 by deploying 
NCA, the highest classification accuracy is improved from 88.36% to 92.75%.

5.4 � Time complexity analysis

Herein, we have presented a self-organized feature engineering model. The proposed IOP-
NCA-based model uses IOP and WPD in the feature extraction layer. Therefore, the time 
complexity of this layer is equal to O(knlogn) , where k defines the number of signals, n is 

Table 6   Overall performance 
metrics using tenfold CV and 
LOSO strategies

Results (%) LOSO tenfold CV

Accuracy 76.18 92.75
Precision 76.41 92.98
Recall 76.40 92.73
F1 76.37 92.81

Fig. 3   Graph of accuracy versus features using SVM classifier with tenfold CV strategy
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the length of the used signals. The NCA selector was used in the feature selection step. 
The computational complexity of this phase is O(kN), where N refers to the time complex-
ity coefficient of the NCA selector. To choose the most accurate 10 feature vectors, we 
have used the SVM classifier and the time burden of this phase is O(kS) , and S defines the 
time complexity coefficient of the SVM classifier. Ten feature vectors are merged and then 
forwarded to the NCA selector to select the most significant 512 features. Therefore, the 
burden of this phase is equal to O(tN) , where t defines the number of selected features and 
t < k . In the last phase, SVM is used to render the prediction vector, and the computational 
burden of the SVM is O(S). According to this calculation, the total time burden of this 
model is O(knlogn + kN + kS + tN + S) ≅ O(knlogn + kN + kS) . In this mode, this model 
has a linear time complexity.

6 � Discussions

This work introduces a new self-organized feature extraction model using handcrafted fea-
tures. The presented feature extractor, IOP, generates textural features from speech signals. 
WPD has been employed to create bands for high-level feature generation. Our proposed 
system chooses the most informative features using the most significant bands. Hence, 
we are influenced by deep learning (DL) models. These DL models have various feature 
extraction levels and can create the most valuable features. Therefore, deep learning net-
works, especially convolutional neural networks (CNNs), have been implemented in this 
work. However, they have a time complexity problem, as they need to optimize millions 
of parameters. Our proposal to address these issues is a handcrafted feature-based model 
with multilevel feature extraction architecture used to create the most valuable high-level 
features. Low-level features are extracted from the IOP. Hence, this proposed model mim-
ics CNN. Also, our proposal does not need to set millions of parameters. Therefore, it has 
lower time complexity as compared with deep learning models. Our model generated 255 
feature vectors and has a self-organization ability because it can choose the top feature vec-
tor to create the final features. Furthermore, LOSO and tenfold CV have been employed to 
confirm the robustness of the model.

Our used classifier is compared to conventional classifiers, i.e., the decision tree (DT) 
[31], linear discriminant (LD) [32], k nearest neighbor (kNN) [33], subspace discriminant 
(SD) [34], and artificial neural network (ANN) [35]. The obtained comparative results 
using a tenfold CV are presented in Fig. 4. We have used the same parameters of our model 
to get these comparatively results. They used the same feature extraction and feature selec-
tion parameters. Our main goal is to illustrate the superiority of our used combination.

The second-best classifier is ANN, which attained a 90.21% classification accuracy. SD 
attained a 90.13% accuracy. The worst classifier for tenfold CV was LD, which reached 
76.18% accuracy. Furthermore, LOSO validation is used, and the obtained accuracies are 
denoted in Fig. 5.

It can be noted from LOSO validation that the used classifiers: DT, LD, SVM, kNN, 
SD, and ANN attained 64.38%, 61.98%, 76.18%, 68.15%, 72.16%, and 71.62% accura-
cies, respectively. Furthermore, it can be noted from Figs. 4 and 5 that the best classifier is 
SVM, and it is chosen for this work. Moreover, we have used three SVM kernels and these 
are (i) Gaussian, (ii) linear and (iii) polynomial. The test results of these SVMs with a ten-
fold CV are depicted in Fig. 6.
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Fig. 4   Accuracies (%) obtained for different classifiers with tenfold CV

Fig. 5   Accuracies (%) obtained for different classifiers with LOSO validation
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In Fig. 6 it is evident that the most accurate kernel is polynomial. Therefore, we have 
selected this kernel to obtain classification results.

We have employed four feature selectors to obtain comparative results for our model, 
namely Chi2 [36], ReliefF [37], mRMR (minimum redundancy maximum relevance) [38], 
and NCA [18]. We have employed identical quality indices for these feature selectors, and 
the classification accuracies calculated using them are presented in Fig. 7.

As illustrated in Fig. 7, NCA is found to be the most effective feature selector for our 
problem.

This research topic is a very new focus area of research. Hence, other publications con-
cerning this topic are not yet available. The closest topic to our model concerns reading 
fluency detection. The datasets of these works generally contain two classes; hence, they 
address the binary classification problem.

We highlight the advantages and limitations of this research per the obtained findings:
Advantages:

•	 To the best of our knowledge, this is the first fully-automated level of reading quality 
detection work developed for primary school students.

•	 A novel speech descriptor—IOP, is presented to extract salient low-level features. IOP 
is a new one-dimensional textural feature extraction function.

•	 A WPD-based multilevel feature extraction method has been used to extract high-level fea-
tures. By extracting features from bands of the WPD, features are generated at a high-level.

Fig. 6   Classification perfor-
mance of the SVM with three 
kernels. 1: Polynomial, 2: Linear, 
3: Gaussian

Fig. 7   Accuracies obtained using 
various feature selectors with a 
tenfold CV strategy
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•	 A self-organized, completely automated model is proposed. Using this structure, the 
meaningful bands for feature extraction have been chosen and the redundant ones are 
eliminated.

•	 tenfold CV and LOSO validations were employed to obtain robust results.
•	 The best conventional/shallow classifier was chosen (see Figs. 4 and 5).
•	 The proposed IOP-WPD and NCA-based model is a handcrafted method. Thus, manual 

fine-tuning of millions of parameters is not required.

Limitations:

•	 We have evaluated 57 students’ data in this work. In the future, a larger speech dataset 
will be used to obtain a confirmatory result.

•	 We used the classifier with default settings. Hyperparameter fine-tuning can be con-
ducted in future works to obtain better performance.

As evident above, we have proposed a highly accurate and lightweight model. We can 
propose an embedded smart application for future comparisons using our model. In the 
training phase, we can determine the best bands and feature combinations. Our optimal 
model only generates features from w7, w31, w3, w15, w65, w128, w64, w1, w32 and raw 
speech signals. Here, w signifies the wavelet bands. Using a look-up table (this table con-
tains the indexes of the most significant features and is generated from training phase), the 
most important of 512 features have been selected (without redeploying NCA selector) and 
these features are classified using a pretrained SVM classifier. This model can be applied to 
other signal classification models. The optimal wavelet bands and the indices of the most 
significant features have been selected in the training phase. In the testing phase, the wave-
let bands have been generated by applying WPD, and the features have been generated by 
deploying the IOP to address the most informative bands. Other phases (feature selection 
and classification) are very simple since we have used an array to select the most important 
features, and these features have been classified using a pretrained SVM.

7 � Conclusions

This work presents a novel handcrafted speech classification model to automatically detect pri-
mary school students’ reading level ability. We have proposed a novel improved orbital pattern 
(IOP) and wavelet packet decomposition (WPD) techniques. IOP generates textural features 
from the original speech and frequency band (WPD generates frequency bands). The proposed 
model is fully automated, as it can select the most salient final features and perform classifica-
tion. In this work, we have used NCA to choose the 512 most significant features, and these 
features are classified with the SVM classifier. Our method attained 92.75% and 76.18% accura-
cies using tenfold CV and LOSO strategies, respectively. A limitation of this work is that we 
have used only a small number of students’ data in each of the three classes. We plan to use 
more primary school students’ data, and develop a more robust model in the future.

In the near future, we will develop a next-generation smart mobile application to detect 
pupils’ reading levels. We plan to collect a larger dataset in various languages to implement 
this application. Using attention-based explainable models, we can detect the features of 
the reading speeches, which can assist teachers with their student evaluations [39]. Further-
more, dyslexia can be detected by using this type of application.
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Appendix 1

The used stable reading text and translation of this text are given below.
Reading text in Turkish.

“Bir kartal denizden uzak bir dağ yolunun kenarında yuva kurdu. Kartalın orada 
yavruları oldu. Bir gün pençesinde kocaman bir balıkla yuvasına geldi kar-
tal. Yuva yaptığı ağacın çevresinde çalışan insanlar vardı. Balığı gördüklerinde 
ağacın etrafında toplanıp bağırmaya, kartala taş atmaya başladılar. Balık sonunda 
kartalın pençesinden kayıp yere düştü. Adamlar balığı alıp gittiler. Kartal yuvasının 
bir köşesine çekilip tünedi. Yavruları ise havaya başlarını dikip yiyecek, yiyecek 
diye bağrışmaya başladılar. Oysa kartal çok yorulmuş denize kadar uçacak gücü 
kalmamıştı. Yuvasına iyice yerleşip yavrularını kanatlarının altına aldı. Onları 
sevdi, okşadı ve küçücük tüylerini düzeltti. Sanki “Ne olur birazcık sabredin!” 
diye yalvarıyordu onlara. Fakat yavrular okşandıkça seslerini daha da yükseltip 
bağrışmaya devam ettiler. Kartal uçtu ve daha yüksek bir dala kondu. Yavrular, 
anneleri uçup gidince daha da acıklı bir sesle bağrıştılar. Sonunda kartal çaresizlik 
içinde acı bir çığlık attı ve kanatlarını açıp ağır ağır denize doğru uçtu. Anne kartal 
akşam olup geç vakit yuvaya dönerken ağır ağır ve alçaktan uçmaktaydı. Yine pen-
çelerinde kocaman bir balık vardı. Ağaca yaklaşırken çevrede başkaları var mı diye 
etrafı kolaçan etti bu kez. Güven içinde olduğunu hissettikten sonra kanatlarını kısıp 
yuvasının bir ucuna kondu. Yavru kartallar gagalarını açıp boyunlarını uzattılar. 
Anne kartal ise balığı parçaladı ve başladı yavrularını doyurmaya.”

The English translation of the above paragraph is given below.

"An eagle nested by the side of a mountain road far from the sea. The eagle had 
hatchlings there. One day, an eagle came to its nest with a huge fish in its talons. 
There were people working around the tree where he made his nest. When they 
saw the fish, they gathered around the tree and started shouting at the eagle and 
throwing stones. The fish eventually slipped from the eagle’s talons and fell to the 
ground. The men took the fish and left. The eagle stepped back and perched on a 
corner of its nest. The hatchlings, on the other hand, raised their heads and started 
shouting for food, food. However, the eagle was so tired that it did not have the 
strength to fly into the sea. She settled in her nest and took her hatchlings under her 
wing. She loved them, touched them, and straightened their tiny feathers. "Please 
be patient!" she begged them. But as the hatchlings were attended, they kept rais-
ing their voices and shouting. The eagle flew and landed on a higher branch. The 
hatchlings cried out even more pathetically as their mother flew away. Finally, the 
eagle let out a cry of despair and spread its wings and flew slowly towards the sea. 
The mother eagle was flying slowly and low, as it was late in the evening, and was 
returning to her nest. It also had a huge fish in its paws. As she approached the 
tree, this time she looked around to see if anyone else was around. Feeling secure, 
she folded her wings and perched on one end of her nest. The baby eagles opened 
their beaks and stretched their necks. The mother eagle crushed the fish and began 
to feed her young."
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