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Abstract: In this study, gain score, and categorical growth models were 
used to examine the role of student (gender and socioeconomic level) and 
school characteristics (school size and school resources) in the student 
growth on comprehension skills in language. The participants of this study 
were 2,416 sixth-grade students in 2011 who became seventh-grade students 
in 2012. The data was collected through two achievement tests, student and 
school questionnaires. Two achievement tests were calibrated using the 
Rasch Model and were scaled using the concurrent estimation method. 
Moreover, the cut-off scores of these tests were determined by using the 
bookmark method. Students’ growth was modelled with the gain score and 
categorical growth models. All data was analyzed using multilevel models. 
Results showed that some students did not achieve sufficient gains to 
advance to higher performance levels. Although some schools’ average 
gains were higher, their performance was still not significant enough in 
terms of tests’ standards. Moreover, the analyses demonstrated that the 
student gain scores and growth categories varied significantly among the 
schools. In addition, the study was able to determine student and school 
characteristics that have an impact on the students' gain scores and 
categorical growth. Given the different aspects gained about students’ 
performance with these models, it is recommended to utilize different 
growth models in schools. 

1. INTRODUCTION 

The widespread use of assessments in education which focus on students' performances 
determined from a single time point is a point of contention in the field of assessment studies 
(Betebenner & Linn, 2009). The reason for this is because the information obtained from such 
assessments is limited. Within the scope of this limited information in question, multiple 
questions arise concerning the validity of classification of students, determining of their 
performance levels and considering students with learning difficulties, as well as inference from 
teachers and schools (Laird, 2008). Furthermore, together with these assessments, education 
shareholders are able to see the growth of students, and they may be able to discern whether the 
growth in question is in accordance with the standards as well (Yen, 2007; cited in Betebenner 
& Linn, 2009). In this sense, assessments that measure development can provide more clear 
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information regarding school effectiveness and student achievement (Heck, 2006). Indeed, 
applications that measure growth have been effectively used in many educational systems (e.g. 
Assessment Agency, 2008; NCLB [No Child Left Behind], 2002; U.S. Department of 
Education, 2010) for many years and are ever increasing in their importance (Briggs & 
Betebenner, 2009).   

Studies focusing on student growth in the literature predominately concern themselves with 
comprehension skills in language and reading comprehension skills (Herbers, Cutuli, Supkoff, 
Heistad, Chan, Hinz, & Masten, 2012; Hughes, Luo, Kwo, & Loyd, 2008; McCoach, O'Connell, 
Reis, & Levitt, 2006; Skibbe, Connor, Morrison, & Jewkes, 2010). The reason for this is that 
reading comprehension and language skills are one of the most important fields in terms of 
educational accountability (Shin, Davison, Long, Chan, & Heistad, 2013). Moreover, these 
skills can play a significant role in student academic achievement in other subjects (Arnold & 
Doctoroff, 2003; Crawford, Tindal, & Steiber, 2001). In this sense, academic achievement at 
higher grade levels of students who have difficulty in reading comprehension are also affected 
negatively by such deficiencies in upcoming grades (Crawford et al., 2001; Herbers et al., 
2012). In this context, it can be stated that the linguistic skills are of great importance for 
students’ academic lives. 

As in academic achievement, gender differences are presented in the academic growth of 
students as well. In the related literature, it is indicated by many studies that the growth of 
female students in language and reading comprehension skills generally surpasses that of male 
students (Denton & West, 2002; Husain & Millimet, 2009; Kurdek & Sinclair, 2001). In 
particular, studies pointed out that the students' initial level of reading comprehension is 
different according to gender (Morgan, Farkas, & Wu, 2011). Another crucial characteristic 
determining student success is the fact that the socioeconomic level of the student also plays an 
important role in the academic growth (McCoach et al., 2006; Nese, Biancarosa, Anderson, Lai, 
Alonzo, & Tindal, 2012). According to Shin et al. (2013), students coming from lower 
socioeconomic backgrounds have shown lower academic achievement in the fields of 
comprehension skills in language and reading than other students. Similarly, it has been seen 
that the growth of the students coming from lower socioeconomic backgrounds is slower than 
the other students (Palardy, 2008). 

Another area of interest is the role of school size and school resources which are among the 
school characteristics examined in student growth varies according to school types in different 
countries and different studies (Hanushek, 2006; Stevensen, 2006). According to studies in the 
literature, the effect of school size on student achievement may vary in degree or even its 
direction; however, it’s also possible that such an effect may not be observed (Stevenson, 2006). 
The same situation is also observed on student growth (Heck, 2006; Palardy, 2008). In the 
literature, the effect of school resources on the student's academic achievement has been studied 
effectively for many years (Hanushek, 2006). Studies in the literature reveal different results 
about the effects of school resources on student achievement (Krueger & Lindahl, 2001). In the 
literature, some studies reveal the positive effect of school resources on student growth (Cheti 
& Birgitta, 2012; Palardy, 2008), whereas others have not found a significant effect (Glewwe, 
Hanushek, Humpage, & Ravina, 2011).  

Only a limited number of studies that pursue data on the academic growth of students have 
looked (Ergin-Aydemir & Sünbül, 2016; Bursal, 2013; Yapar, 2014) at Turkey. These studies 
did not focus on students' linguistic skills. Of these studies, only Yapar (2014) conducted a 
study on student growth in English reading skills. Although student growth is not monitored in 
reading comprehension skills in Turkey, there are studies that examine students' status in this 
field according to student and school characteristics (Erman-Aslanoğlu and Kutlu, 2015; Kutlu, 
Yıldırım, Bilican, & Kumandaş, 2011; Güzle-Kayır & Erdoğan, 2015; Özer-Özkan & Doğan, 
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2013). The results of these studies show that student and school characteristics effect students' 
reading comprehension. Large-scale assessments conducted in Turkey (e.g.; ABIDE 
[Monitoring and Evaluation of Academic Skills], PISA [The Programme for International 
Student Assessment] and PIRLS [Progress in International Reading Literacy Study]) show that 
Turkish students do not excel in reading comprehension (Organization for Economic 
Cooperation and Development [OECD], 2014a, 2016; Mullis, Martin, Gonzalez, & Kennedy, 
2001). The findings of these studies seem to agree that student performance in reading 
comprehension might vary based on the student and school characteristics. However, the role 
of school and student characteristics in Turkish students’ growth cannot be determined because 
there are no studies regarding monitoring students in Turkey. Nevertheless, outside of Turkey 
many studies in the literature have monitored the growth of comprehension skills in language 
and reading comprehension skills of students in the context of different student and school 
characteristics (McCoach et al., 2006; Palardy, 2008; Skibbe et al., 2010; Shin et al., 2013). 

Since growth can be measured according to gains and/or norms, it should be asked whether 
growth is intended to be measured based on performance standards or groups (Gong, 2004). 
The change in student performance in the gain score model can be seen with a calculation made 
by subtracting the score obtained in the previous years from the score obtained in the relevant 
year (Welch, Dunbar, & Rickels, 2016). In the categorical growth model, student growth is 
converted into the performance levels corresponding to the student's scores and inferences are 
made based on these performance levels. In the context of this study, the modeling of growth 
in comprehension skills in language over a year has been modeled according to the gain scores 
and the performance levels. By including student and school characteristics into these two 
different student growth models within the framework of educational accountability, this study 
aims to determine the effects of these characteristics on student growth. 

In Turkey, there is a lack of sufficient relevant data on students' academic growth and the 
growth of different student groups. Thus, how the role of students' performance levels changed 
in one year, and the role of school and student characteristics in this change is not known. 
Assessments measuring students’ performance, which are used instead of student growth 
models, do not enable the Turkish education system to grow. School shareholders are excluded 
from the educational accountability system since there is no data/information source in the 
Turkish education system for comparison based on certain standards of accountability (Nayır, 
2013). In this sense, some researchers have concluded the practices related to accountability in 
the Turkish education system are insufficient (Türkoğlu & Aypay, 2015) and these practices 
are not informative for the shareholders. 

In this study, gain score, and categorical growth models were used to examine the role of student 
(gender and socioeconomic level) and school characteristics (school size and school resources) 
in the student growth on comprehension skills in the language. In other words, this study aims 
to determine students' gain scores and at the same time, to monitor growth according to 
performance levels. In this context, answers to the following research questions are sought in 
the study: (i) What are the frequencies of schools in the gain scores and in growth categories?; 
(ii) What are the effects of the student gender and socioeconomic status as well as school 
characteristics such as school size and school resources on student gain scores?; (iii) What are 
the effects of the student gender and socioeconomic level and school characteristics such as 
school size and school resources on student growth categories? 

2. METHOD 
2.1. Study Group  

The participants of this study are composed of 52 schools and 2146 students (52.21% female) 
which participated in the “Learning Level Research (LLR)” LLR-1 and LLR-3 (Ayral, 
Özdemir, & Sadıç, 2011) that Altındağ Guidance and Research Center carried over the 2011-
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2012 and the 2012-2013 academic years during the spring term. The students included in the 
study were in the sixth grade in the 2011-2012 academic year in Altındağ district of Ankara, 
and the same students who continued as seventh graders in the 2012-2013 academic year. 

2.2. Data Collection Tools  

2.2.1. The achievement tests 
Two achievement tests were applied in LLR 1 and LLR 3 projects. The test used in LLR 1 was 
applied as 18 multiple choice items with four choices in the 2010-2011 academic year while 
the other one in LLR 3 were applied as 54 multiple choice items with four choices in the 2011-
2012 academic year. Together with two field experts, a total of five experts were employed in 
the development of the test which was applied in LLR 1. Together with four field experts, a 
total of 10 experts were employed in the development of the test, which was implemented in 
the LLR 3. The items, which were designed to measure comprehension skills in language, were 
placed in the achievement tests. In the development of the test, PISA, PIRLS studies and 
primary school curriculums were taken into consideration in determining the skills to be dealt 
with in the tests (Ayral et al., 2011). Before creating the final forms of the tests, a pilot study 
was conducted, and the items were revised based on item statistics analysis (for more 
information; see Ayral et al., 2011). 

In this study, two new sub-tests were created by selecting items from the tests in the LLR 1 and 
LLR 3. The item selection of both tests was conducted based on the Rasch Model of the Item 
Response Theory (IRT) after checking all necessary assumptions. While selecting the specific 
items, attention was paid to the contents of the items, the item and item-fit statistics. In this 
context, 13 items were selected each from LLR 1 and LLR 3 while three of which were pseudo-
common items.  

For the newly created tests, the names NLLR1 and NLLR3 were used, respectively. After 
finalizing item selection and preparing new test forms, the performances of the students who 
participated in the LLR 1 and LLR 3 were re-estimated according to the answers they gave to 
the relevant items in NLLR1 and NLLR3. In this sense, new scores of the students were 
estimated within the scope of newly created test forms. 

The KR-20 reliability coefficient was found to be .62 for both tests. The fact that there are a 
limited number of items in the tests may prevent the reliability to be higher. As shown in Figure 
1, the information appears to be much greater in the theta range between −1.5 to +1.5 for the 
NLLR 1 and NLLR 3.  

 
Figure 1. Test information functions for the NLLR 1 and NLLR 3 

2.2.2. Student and School Questionnaires 

In addition to the achievement tests, students were given questionnaires in LLR 1 and LLR 3. 
This study gathered information regarding the gender and socioeconomic level in the given 
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questionnaire. For the socioeconomic level of the students, an index variable was created by 
using the education level of the parents of the students, the number of books at home and the 
per capita income in the family. Moreover, the size of the school and the school resources 
(physical resources) were taken into consideration as school characteristics. In the data set, the 
school size variable was accepted as the total number of students. Another index variable was 
created for school resources in which the number of classrooms, the number of laboratories, 
music rooms, painting rooms, and the number of gyms were identified. The index calculation 
is explained in detail at the upcoming section. 

2.3. Procedure and Data Analysis  
Before conducting the data analysis, the missing values in the data set were checked. Firstly, 
data belonging to students who did not have any data at both of the two measurement points 
were excluded from the data set. This data set was used in statistical procedures during the 
preparation of the data for analysis. In the analyses conducted in order to find answers to the 
research questions, the data set excluding students without questionnaire data was used. In 
addition, since the parameter values could not be produced without bias in groups with clusters 
consisting of fewer than 12 units (Browne & Draper, 2006), students in schools with fewer than 
12 students were excluded from the data set as well. Within this context, analyses were carried 
out on a total of 2004 students for the research questions. With the final data set, the data 
imputation was not done due to full information maximum likelihood (FIML) estimation used 
for the analyses. 

The following steps were followed in preparing the data set for analysis: 

1. Item calibration: The items in the achievement tests were calibrated according to the Rasch 
model for this study after checking all necessary assumptions (unidimensionality, local 
independence and item fit). Item difficulties ranged from -.03 to 1.53 for NLLR 1, and .00 to 
1.53 for NLLR 3, with the average difficulty being .00 for both tests, which means that the 
items were of moderate difficulty overall. 

2. Selection of the items: First of all, three pseudo-common items were chosen from both tests. 
The selection of pseudo-common items is based on Luppescu (2005)’s selection criteria 
regarding items to be used in virtual equating. In this sense, cognitive levels, subject areas and 
difficulty levels of the items were taken into consideration in the selection of pseudo-common 
items. After the selection of pseudo-common items with priority, the items were selected in a 
way that the number of items in the subject fields of the new tests to be created would be equal, 
and have similar reliability coefficients and average difficulties. According to this, initially, five 
items with low item quality were removed from LLR 1. Thus, with the 10 left and three pseudo-
common items, NLLR 1 was created. After that, a total of 10 items were selected from the LLR 
3 that were in accordance with the items in the NLLR 1. Thus, NLLR 3 test was created. For 
NLLR 1 and 3, item calibration based on the Rasch model was done again. 

3. Scaling of tests: The tests were scaled so that the scores obtained from the tests used in this 
study would be interpreted correctly. In this study, the scaling of the tests was conducted by 
concurrent estimation, which is one of the IRT methods. In the concurrent estimation, all 
parameters can be on the same scale since all parameters of the items in both tests are estimated 
concurrently in a single run (Hanson & Beguin, 2002). For this reason, these methods do not 
require any conversion between forms (Gonzalez & Wiberg, 2017). 

4. Converting scores from the ability parameters into test scores: As two performance levels 
were determined for the tests created in this study, the obtained ability parameters of the 
students were converted into scores in the range of 0-200. 

5. Standard setting for the tests: In this study, the cut-off scores for NLLR 1 and 3 were 
determined, as tests with determined standards should be used in order to employ the categorical 
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growth models. The bookmark method, which is among test-centered bookmark methods 
(Lewis, Mitzel, & Green, 1996), was used for this research. 

According to the bookmark method, two performance levels namely “basic level” and 
“proficient level” were determined for NLLR 1 and 3. In this study, six female Turkish-
language teachers working in a primary school located in the Mamak district of Ankara served 
as panelists during the standard-setting process. The average year of seniority of the panelists 
was 8.83, but it ranged between 4 and 18 years. 

In the study, before the standard setting of the tests, panelists underwent training related to the 
standard setting, the bookmark method and the tasks expected from. Considering the 
characteristics of the tests used in the study and the information that should be given for the 
training of the panelists, an agenda was formed for the standard setting panel. The panel was 
conducted in parallel with this agenda which was determined for the standard setting. At the 
end of three rounds with the panelists regarding the setting of the standards, the panelists 
determined the cut-off scores for NLLR 1 as 101.23 and 98.78 for NLLR 3. 

6. Calculation of gain scores: After the tests were scaled, the achievement scores of the students 
in the year 2011 were subtracted from the achievement scores of 2012. 

7. Determining the growth categories: Categorical growth models are defined as student growth 
which is converted into categorical performance levels corresponding to the student's scores, 
and making inferences over performance levels. In this context, according to the determined 
cut-off scores of NLLR 1 and 3, students’ test scores were converted into the performance levels 
in both tests. Afterwards, the change students displayed from NLLR 1 to NLLR 3 was 
categorized. For this purpose, the students who pass towards a higher performance level were 
coded as 3, students who remained at a high-performance level were coded as 2, students 
remained at low-performance level are coded as 1 and students whose performance level 
downgraded to a basic level were coded as 0. In this sense, it should be noted that this 
categorization was made based on dummy coding, not on an ordinal categorization.  

8. Creation of indexes of socioeconomic level and school resources: In the creation of the index 
variable, the index formula (OECD, 2014b, p. 352) was employed. In the calculation of the 
values in the formula, principal component analysis was used for the school resources variables; 
mixed principal component analysis was used for the socioeconomic level variables as those 
mentioned variables were composed of continuous and categorical variables together. Mixed 
principal component analysis was conducted in the R program with the package named as 
“PCAmixdata” (Chavent, Kuentz, Labenne, Liquet, & Saracco, 2014). 

Descriptive statistics were used in the first research question of the study and multilevel models 
were used separately for the second and third research questions. In the study, the first level 
was taken as the student level and the second level was taken as the school level. There are two 
reasons for employing these models in the study. The first one is that the data set used in the 
study is nested, and these models can analyze more than one level in these structures more 
reliably (Raudenbush & Bryk, 2002). The other reason is to take into account that other 
analyses, apart from multilevel models require the assumption that the observations are 
independent. However, the students are not randomly placed in schools and the multilevel 
models are able to eliminate said problem (Osborne, 2000).  

In the second research question, multilevel models (one-way ANOVA, first-level random 
intercept and regression model in which means are outcomes) were used. Mplus 8 program was 
used in the analysis of these models. The Mplus 8 program is advantageous and strong in terms 
of parameter prediction (Muthén & Muthén, 1998; 2017). In the third research question, the 
hierarchical generalized linear model (HGLM) was used. The HGLMs are different from 
multilevel models because the dependent variable does not meet the normality assumption and 
they are more compatible in terms of distributions (Raudenbush, Bryk, Cheong, & Congdon, 
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2011). The stated analyses were carried out with HLM 7.03 program (Raudenbush et al., 2011). 
The Pratt index was calculated in order to determine the importance of predictor variables in 
predicting the dependent variable which is taken with multilevel models. Pratt index is used to 
calculate the relative importance of predictor variables (Liu, Zumbo, & Wu, 2014). 

3. FINDINGS 

3.1. Findings of the models using gain score model 

Descriptive statistics related to the values calculated according to the gain score model of 
schools are given in Appendix 1 and the results based on statistics are given in Figure 2. 

 
Figure 2. Frequency distribution of the average gain scores of schools 

According to Figure 2, in terms of the gain model of the students who participated in the study, 
the school with the code of 618 has the highest average score, while the 408 coded school has 
the lowest average score. In addition, according to Appendix 1, the most homogenous school 
is the school with the code of 107, while the most heterogeneous school is the school with the 
code 707 in terms of gain scores. 

3.2. Findings related to differences between schools in terms of gain scores 

The results regarding the models established to examine the differences between schools in 
terms of thegain scores are given in Table 1. 

Table 1. Results of random effects one-way ANOVA model 

Variance components Variance  df Variance/df p 
Student level 1247.87      45.17      27.62       0.00 
School level [𝑢 ]     30.99      11.39       2.72       0.01 

Variable Estimate S. E. Est./S.E. p 
Intercept 5.04 1.15       4.37       0.00 
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According to Table 1, the variance of students’ gains in student level is 1247.87, while the 
variance of students’ gains in school level is 30.99. According to these values, the intra-class 
correlation coefficient is calculated as 0.02. According to this value, it can be concluded that 
approximately 2% of the differences in the gain scores observed among the students arise from 
the difference in the average gain scores between the schools and 98% of it originates from 
differences in student level. According to Table 1, the average gain score of students is 5.04. 
However, there is a significant difference between schools in terms of the gain score (p <.05). 

3.3. Findings on the effect of student and school characteristics on student gain scores 

The results of the first level random intercept model are given in Table 2. 

Table 2. The results of the first level random intercept model 

Variable Estimate S. E. Est./S.E. p Pratt index 
Intercept 10.83       2.50       4.32       0.00  
Gender -1.37 1.48  -0.92   0.36 - 
Socioeconomic level -0.13 0.04     -3.02       0.01 0.09 
Variance components Variance df Variance/df p  
Residual 1241.31      43.38      28.61       0.00  
School level [𝑢 ]     26.03       9.91       2.63       0.01  

According to Table 2, while the socioeconomic level variable has a statistically significant 
effect on the gain score of students (p <.05), the gender variable does not have a statistically 
significant effect on the gain score (p > .05). According to the results, the effect of the 
socioeconomic level is negative and at a quite low level. According to this, a decrease of one 
standard deviation in the score in socioeconomic level resulted in an increase of 0.13 in the gain 
score of students. Besides, when the Pratt index value of the socioeconomic level is examined, 
it appears that this variable has no effect on the students' gain scores in a practical sense. The 
results of the regression model in which means are outcomes are given in Table 3. 

Table 3. The results of the regression model in which means are outcomes 

Variable Estimate S. E. Est./S.E. p 

Intercept 7.09       2.90       2.44       0.01 
School size -0.00 0.01 -1.12       0.26 
School resources -0.09 0.47 -0.18 0.86 

Variance components Variance df Variance/df p 

Residual 1247.86      45.16      27.63       0.00 

School level [𝑢 ]     29.87      10.95       2.73       0.01 

According to Table 3, school size and resources do not have a statistically significant effect on 
students' gain score (p >.05). Therefore, the second level variables which are added to the model 
cannot explain the variance in the gain scores observed between schools. 

3.4. Findings of the models using a categorical growth model 

Frequencies related to the values calculated based on schools’ growth categories are given in 
Appendix 2, and results based on statistics are given in Figure 3. 
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Figure 3. Frequency distribution of growth categories of schools 

Upon examining schools in terms of growth categories according to Figure 3 and Appendix 2, 
it is seen that most students (43%) are in Category 1 and few (11.1%) are in Category 0. In 
other words, while most of the students are at the basic level, a small proportion of students 
consist of students who have downgraded their performance to a lower level. In addition, the 
school with the highest number of students (7%) who increased their performances is the school 
with the code of 614, and the lowest (0%) is the school with the code of 306. The school in 
which the highest number of students (5.9%) whose performance is downgraded to a lower 
level is the school with the code of 611 and the school with the lowest number (0%) is coded 
as 512.  

3.5. Findings of differences between schools in terms of categorical growth model 

The results regarding the models established to examine the differences between schools in 
terms of categorical growth model are given in Table 4. According to Table 4, the expected 
possibility of students to be in Category 2 than to be in Category 3 is exp{0.17}/1+ 
exp{0.77}+exp{0.17}+exp{-0.53}=1.18/4.92= 0.23; the expected possibility of being in 
Category 1 is exp {0.77}/1 +exp {0.77} + exp {0.17} + exp {-0.53} = 2.16/4.92 = 0.44; the 
expected possibility of being in Category 0 is exp{{-0.53}/1+ exp{0.77}+ exp{0.17}+ exp{-
0.53} = 0.584.92=0.12. The possibilities of all categories except for the Category 2 are 
statistically significant (p<.05). In addition, intercept variance is significant in the first and 
second categories, and there are significant differences among schools in these categories 
(p<.05). 
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Table 4. Results of random effects one-way ANOVA model 

Fixed Effects  Estimate S. E. t df p 
Category 0 for Intercept 1 β0(0)      
Intercept 2 γ00(0) -0.53 .09 -5.67 49 <0.001 
Category 1 for Intercept 1 β0(1)      
Intercept 2 γ00(1) 0.77 0.09 8.69 49 <0.001 
Category 2 for Intercept 1 β0(2)      
Intercept  2 γ00(2)) 0.17 0.13 1.31 49 0.20 
Variance components Standard deviation Variance  df 𝑋  p 

Intercept  1 (0), u0(0) 0.38 0.14 49 57.88 0.18 
Intercept 1 (1) u0(1) 0.43 0.19 49 92.87 <0.001 
Intercept 1 (2) u0(2) 0.77 0.60 49 160.16 <0.001 

3.6. Findings of the effect of student and school characteristics on categorical growth 

The results of the first level random intercept model are presented in Table 5. According to 
Table 5, female students are more than twice (p <.05) as likely to be in Category 1 instead of 
Category 3 (exp{0.79}= 2.20) than male students. However, female students are 31% less likely 
(p <.05) to be in Category 2 rather than Category 3 compared to male students (exp{-0.37}= 
0.69). When the gender variable is controlled, an increase by one point in the socioeconomic 
level of the students is expected to increase the possibility of being in Categories 0, 1, or 2 
instead of Category 3 by 0.01 points (p <.05). In this context, the data showed that the 
socioeconomic level has no effect on the students' categories in a practical sense. Another 
observation is that possibility of first level variables is not statistically significant in terms of 
other categories (p> .05). The results of the regression model in which means are outcomes are 
given in Table 6. 

Table 5. The results of the first level random intercept model 
Fixed Effects Estimate S. E. t df p 
Category 0 for Intecept 1 β0(0)      
Intecept 2 γ00(0) -0.50 0.09 -5.48 49 <0.001 
Gender β1(0),  
Intecept  2, γ10(0) 

0.23 0.16 1.36 1848 0.17 

Socioeconomic level β2(0),  
Intecept 2, γ20(0) 

0.01 0.001 3.08 1848 .002 

Category 1 for Intercept 1 β0(1)      
Intecept 2 γ00(1) 0.77 0.89 8.68 49 <0.001 
Gender β1(1),  
Intecept 2, γ10(1) 

0.79 0.13 5.79 1848 <0.001 

Socioeconomic level β2(1)  
Intecept  2, γ20(1) 

0.01 0.001 2.42 1848 .02 

Category 2 for Intercept  1 β0(2)      
Intecept 2 γ00(2)) 0.15 0.14 1.07 49 .29 
Gender γ20(1)  
Intecept  2, γ10(2) 

-0.37 0.16 -2.35 1848 .02 

Socioeconomic level β2(2),  
Intecept 2, γ20(2) 

0.01 0.003 3.25 1848 .001 

Variance components Standard deviation Variance df 𝑋  p 

Intercept  1 (0), u0(0) 0.33 0.11 49 53.15 0.32 
Intercept 1 (1) u0(1) 0.44 0.19 49 91.14 <0.001 
Intercept 1 (2) u0(2) 0.79 0.62 49 157.63 <0.001 
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Table 6. The results of the regression model in which means are outcomes 

Fixed Effects Estimate S. E. t df p 

Category 0 for Intercept 1 β0(0)      

Intercept  2 γ00(0) -0.54 0.10 -5.43 47 <0.001 

School size, γ01(0) 0.0001 0.0001 1.59 47 0.12 

School resources, γ02(0) -0.002 0.04 -0.04 47 0.96 

Category 1 for Intercept  1 β0(1)      

Intercept  2 γ00(1) 0.76 0.09 8.62 47 <0.001 

School size, γ01(1) -0.0001 0.0001 -0.15 47 0.88 

School resources, γ02(1) -0.05 0.04 -1.01 47 0.32 

Category 2 for Intercept 1 β0(2)      

Intercept  2 γ00(2)) 0.14 0.12 1.12 47 0.27 

School size, γ01(2) 0.0001 0.0001 2.86 47 0.01 

School resources, γ02(2) -0.09 0.05 -1.89 47 0.06 

Variance components 
Standard 
deviation 

Variance df 𝑋  p 

Intercept  1 (0), u0(0) 0.39 0.15 47 56.99 0.15 

Intercept 1 (1) u0(1) 0.44 0.19 47 90.55 <0.001 

Intercept 1 (2) u0(2) 0.76 0.57 47 145.25 <0.001 

According to Table 6, when the school resources are controlled for, an increase by one person 
in the size of schools would decrease the possibility of students’ being in Category 2 rather than 
Category 3 by 0.09 (p <.05). Besides, the possibility of second level variables in terms of other 
categories is not statistically significant (p> .05). 

4. DISCUSSION and CONCLUSION 

In this study, the growth in students' comprehension skills was examined using the gain score 
and categorical growth models. Results showed that some students did not achieve sufficient 
gains to advance to higher performance levels. Although some schools’ average gains were 
higher, their performance was still not significant enough in terms of tests’ standards.  
Moreover, the analyses demonstrated that the student gain scores and growth categories varied 
significantly among the schools. In addition, the study was able to determine student and school 
characteristics that have an impact on the students' gain scores and categorical growth. 

According to the results obtained from the gain score and categorical growth models, there was 
a significant difference between schools and students. When the average gain score values 
regarding schools and students were examined, the values proved to be positive. In this sense, 
it can be said that the students increased their scores from sixth to seventh grade in general. 
This is an expected situation upon considering the structure of comprehension skills in language 
(Crawford et al., 2001; Herbers et al., 2012). However, the results obtained from the gain model 
need to be evaluated cautiously (Betebenner & Linn, 2009; Castellano & Ho, 2013; Pike, 1991). 
The reason for this is to determine with the help of gain model how much the student scores 
have increased or decreased over one year. In other words, there is no information concerning 
the starting positions of the students in this model. In this case, the results of the model can be 
affected by the problem known as floor and ceiling effect (Rock and Pollack, 2002).  
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According to the results obtained from the categorical growth model, students were most likely 
to perform at the basic level in both the sixth and seventh grade. The lowest possibility was that 
students in the sixth grade performed at the proficient level, but in the seventh grade, they 
performed at the basic level. This can be considered as an expected result, given that the average 
performance of the participants in the study is low. In this sense, considering the fact that 
students’ showing growth corresponds to improving in terms of levels in the categorical growth 
model (Ryser & Rambo-Hernandez, 2013), it can be stated that students within the context of 
the study have a low level of performance in achieving the proficient standards. Thus, although 
student growth has increased, this increase is not at the proficient level according the results of 
this study. 

This study showed that gender had no effect on the significant difference in gain scores. The 
reason why it does not have any effect on the difference in the gain scores of students may be 
due to the ceiling effect; if the female students are more successful than the male students, it is 
expected that females’ gain scores would be less. The indicators obtained from the categorical 
growth model revealed that female students are more likely to improve from the basic level to 
the proficient level than the male students. This situation between the female students and male 
students in terms of growth categories are in line with some studies in the literature (Denton & 
West, 2002; Kurdek & Sinclair, 2001). The fact that female students are more successful 
compared to male students also show similarity in terms of academic performance of students 
(Anıl, Özer – Özkan, & Demir, 2015; Büyüköztürk et al., 2014; Taş et al., 2016) in Turkey. 
This indicates that female students continue to display higher performance than expected at 
advancing grade levels than male students. This success may have resulted from the increase in 
the projects and programs especially intended for girls' education in recent years in Turkey.  

It was determined that the socioeconomic level of the students had a significant negative effect 
on the gain scores, but this effect was not significant in a practical sense.  At the same time, 
students' socioeconomic level was determined to have a significant negative effect on the 
possibility of passing towards from the basic level to the proficient level. This can be an 
example of the state of academically resilient students. Turkish researchers (e.g. Dinçer & Oral, 
2010; Yavuz & Kutlu, 2016) studying academically resilient students have found that evidence 
to suggest that students can be academically successful in spite of the disadvantages 
socioeconomic level cause. Considering the participants of this study, it can be stated that the 
students, in general, came from a socioeconomically disadvantaged district. 

The findings of this study related to school characteristics are in parallel with some studies in 
the literature (Glewwe, Hanushek, Humpage, &Ravina, 2011; Leithwood & Jantzi, 2009). In 
this context, it can be stated that the physical characteristics of schools do not play an important 
role in students' gain scores. It can be expressed that a similar situation can be observed in the 
academic achievements of students in Turkey. In addition, the fact that the study group was 
gathered from only one district of Ankara and that the district schools’ have similar physical 
resources may have affected the results. It has been shown that school size and school resources 
which are among school characteristics, displayed no significant difference in growth 
categories except for the category of “remaining at the proficient level”. According to the results 
of the analysis, the decrease in the size of the school increases the possibility of the students to 
remain at the proficient level. This is in line with the results of the meta-analysis study 
conducted by Leithwood and Jantzi (2009) on the relationship between school size and student 
achievement, but not in parallel with Stevenson (1996)’s study. Furthermore, given that school 
size has no effect on other categorical growths in this study, it can be stated that this finding is 
not effective in a practical sense.  

It is suggested in this study that there are differences between the students and the schools in 
terms of their growth level. Given the different aspects gained about students’ performance with 
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these models, it is recommended to utilize different growth models in schools. In these 
assessments, especially because there are performance levels that have a full 
meaning/equivalence for the education shareholders rather than the scores of the students, the 
outputs of these models can be helpful for the education shareholders (Slaughter, 2008). Thus, 
educational stakeholders can monitor the student growth and determine whether or not the 
students are at the expected level of performance; thereby relevant educational institutions can 
take effective measures. Considering the results of this study concerning the characteristics of 
students and schools, for the purpose of increasing student growth, educational stakeholders 
may construct policies for other school characteristics that can assist in student growth. 

The results of this study should be evaluated within the scope of its limitations. Since vertically 
scaled tests could not be used in the study and pseudo common items are used, it would be more 
appropriate for future researchers to use vertically scaled tests in conducting studies where 
students are monitored. It would be also efficient to use tests including more items and giving 
more information with a larger theta range. In addition, because the study is conducted in 
Altındağ district of Ankara, which has a low socioeconomic status and homogenous features 
within the district, future researchers may want to conduct a similar study in a more 
heterogeneous and larger study group. Aside from this, the grade level may also be included in 
the analysis. In future studies to be conducted, a similar study could investigate for reading 
comprehension, which is more general instead of language comprehension skills. In addition, a 
limited number of variables regarding the student and school characteristics were used in this 
study. For this reason, a similar study could be carried out by including other student and school 
characteristics that could be predictive of student growth. 
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6. APPENDICES 

Appendix 1. Descriptive statistics related to the values calculated according to the gain score 
model of schools 

School 
code 

N Mean 
Standard 
Deviation 

Min Max 
School 
code 

N Mean 
Standard 
Deviation 

Min Max 

107 29 -7.02 25.92 -57.87 40.36 705 22 2.90 31.66 -43.04 68.08 
108 23 -1.15 32.03 -54.53 74.77 706 15 4.02 45.16 -54.53 84.08 
109 18 6.71 35.72 -40.26 84.08 707 16 18.83 56.72 -55.35 112.18 
111 20 6.15 30.01 -40.73 47.37 709 68 7.51 32.79 -64.82 83.36 
113 27 3.67 33.32 -64.82 70.66 801 24 -4.98 37.64 -53.75 97.83 
205 35 0.49 31.59 -55.35 67.54 802 22 6.37 39.25 -61.83 70.66 
207 25 8.89 31.09 -55.35 82.10 806 14 2.65 39.59 -61.83 57.33 
209 47 -0.71 32.60 -53.09 81.89 812 75 10.07 40.85 -55.35 112.18 
306 21 0.29 28.38 -40.73 47.37       
307 85 0.10 32.22 -57.87 84.08       
310 29 10.39 28.33 -42.15 74.77       
311 25 17.84 33.36 -54.02 82.10       
313 18 0.09 28.78 -54.53 54.93       
314 19 18.18 38.21 -53.75 84.08       
403 46 -8.16 34.13 -59.75 67.54       
404 24 -0.97 30.17 -43.04 67.54       
405 85 -0.53 31.36 -54.02 73.42       
406 49 4.37 35.01 -56.46 128.36       
407 15 -2.51 45.49 -54.53 97.83       
408 50 -12.95 29.00 -59.75 68.35       
409 43 8.49 34.22 -55.35 70.66       
413 12 6.83 30.57 -27.53 81.89       
503 28 3.14 38.85 -57.87 96.45       
504 40 2.09 38.19 -55.35 101.52       
505 22 15.38 39.73 -54.02 70.66       
506 53 14.72 37.23 -57.87 112.18       
509 29 -0.64 39.63 -53.75 88.10       
510 50 15.32 37.12 -54.53 96.45       
511 53 17.45 44.22 -64.82 101.52       
512 23 15.42 39.86 -48.02 82.10       
514 21 -3.06 31.10 -55.35 70.66       
515 63 5.69 38.19 -57.87 84.08       
603 45 -6.01 36.61 -57.87 97.83       
604 54 -3.98 33.91 -57.87 84.08       
606 42 0.83 31.75 -64.82 61.28       
607 79 8.20 31.36 -57.87 84.08       
609 28 8.34 36.31 -55.35 112.18       
610 61 4.01 34.11 -61.83 144.89       
611 93 4.98 37.60 -59.75 101.52       
613 72 4.59 31.89 -61.83 74.77       
614 73 16.63 37.73 -48.02 112.18       
618 74 20.27 37.77 -44.51 127.46       

Total 2004 5.24 35.78 -64.82 144.89       
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Appendix 2. Frequencies related to the values calculated based on schools’ growth categories 
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107 29 4 1.8 10 1.2 11 2.1 4 1.0 611 93 13 5.9 35 4.1 29 5.4 16 4.1 
108 23 4 1.8 6 .7 12 2.2 1 .3 613 72 7 3.2 43 5.0 8 1.5 14 3.6 
109 18 2 .9 7 .8 7 1.3 2 .5 614 73 7 3.2 30 3.5 9 1.7 27 7.0 
111 20 4 1.8 8 .9 5 .9 3 .8 618 74 5 2.3 40 4.6 7 1.3 22 5.7 
113 27 5 2.3 13 1.5 3 .6 6 1.6 705 22 1 .5 9 1.0 6 1.1 6 1.6 
205 35 6 2.7 13 1.5 12 2.2 4 1.0 706 15 2 .9 6 .7 3 .6 4 1.0 
207 25 4 1.8 16 1.9 1 .2 4 1.0 707 16 3 1.4 6 .7 1 .2 6 1.6 
209 47 5 2.3 21 2.4 14 2.6 7 1.8 709 68 7 3.2 37 4.3 14 2.6 10 2.6 
306 21 1 .5 19 2.2 1 .2 0 0.0 801 24 2 .9 6 .7 12 2.2 4 1.0 
307 85 6 2.7 70 8.1 1 .2 8 2.1 802 22 3 1.4 12 1.4 4 .7 3 .8 
310 29 1 .5 23 2.7 1 .2 4 1.0 806 14 3 1.4 7 .8 2 .4 2 .5 
311 25 2 .9 17 2.0 3 .6 3 .8 812 75 10 4.5 23 2.7 21 3.9 21 5.4 
313 18 1 .5 8 .9 3 .6 6 1.6           
314 19 2 .9 6 .7 3 .6 8 2.1           
403 46 6 2.7 6 .7 29 5.4 5 1.3           
404 24 4 1.8 5 .6 11 2.1 4 1.0           
405 85 9 4.1 9 1.0 56 10.5 11 2.8           
406 49 3 1.4 18 2.1 19 3.6 9 2.3           
407 15 4 1.8 4 .5 3 .6 4 1.0           
408 50 5 2.3 4 .5 39 7.3 2 .5           
409 43 4 1.8 22 2.6 6 1.1 11 2.8           
413 12 1 .5 7 .8 3 .6 1 .3           
503 28 3 1.4 11 1.3 9 1.7 5 1.3           
504 40 8 3.6 15 1.7 12 2.2 5 1.3           
505 22 3 1.4 7 .8 6 1.1 6 1.6           
506 53 2 .9 24 2.8 12 2.2 15 3.9           
509 29 6 2.7 13 1.5 4 .7 6 1.6           
510 50 6 2.7 15 1.7 10 1.9 19 4.9           
511 53 5 2.3 22 2.6 12 2.2 14 3.6           
512 23 0 0.0 12 1.4 5 .9 6 1.6           
514 21 1 .5 15 1.7 3 .6 2 .5           
515 63 6 2.7 28 3.3 14 2.6 15 3.9           
603 45 9 4.1 14 1.6 17 3.2 5 1.3           
604 54 7 3.2 18 2.1 23 4.3 6 1.6           
606 42 2 .9 22 2.6 11 2.1 7 1.8           
607 79 10 4.5 42 4.9 14 2.6 13 3.4           
609 28 2 .9 17 2.0 3 .6 6 1.6           
610 61 6 2.7 20 2.3 21 3.9 14 3.6           
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