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Abstract 
Purpose of the research is to identify the socio-economic determinants of loan delinquencies among households in 

Kazakhstan, considering the specifics of the regional context and the spread of digital lending. 

Methodology is based on the analysis of cross-sectional survey data from 256 households conducted in 2023 in the 

Kapshagay region. To test two hypotheses, logit and probit regressions were applied: H1 — the number of loans is posi-

tively associated with the risk of default; H2 — low per capita household income increases the probability of delin-

quency. 

Originality / value of the study lies in the use of microdata that reflect actual borrowing practices in an emerging 

financial market, as well as in the inclusion of demographic characteristics that are rarely considered in borrower as-

sessments. Unlike traditional models employed by banks for automated credit decision-making, this study additionally 

analyzes variables such as per capita household income. This makes it possible to more accurately capture social vul-

nerability and potential insolvency risks among different population groups. 

Findings show that the number of active loans significantly increases the probability of default, whereas per capita 

household income does not have a substantial effect. Social status and credit accessibility also proved to be significant 

factors. 

The study contributes to the literature on financial vulnerability and may be useful for regulators and microfinance 

organizations in developing sustainable lending policies. 

Keywords: Default risk, household debt, credit behavior, Kazakhstan, logit-probit models, socioeconomic determi-

nants, digital lending. 

Introduction 

The relevance of studying household over-indebtedness is of particular importance in the context of im-

plementing the United Nations Sustainable Development Goals (SDGs). In particular, this concerns the ob-

jectives of reducing poverty and improving well-being through inclusive economic growth [1]. Excessive 

debt burden may undermine these goals, as it leads to an increase in the number of socially vulnerable popu-

lation groups. 

According to the World Bank report (December 2024), nearly 19 % of Kazakhstani households are al-

ready in a state of financial vulnerability, experiencing difficulties in meeting basic living needs [2]. Moreo-

ver, consumer loans—issued without adequate income growth—are increasingly becoming the primary 

source of financing for these groups. This situation indicates the emergence of systemic risk: under condi-

tions of high inflation and stagnant real incomes, combined with costly borrowing, the probability of wide-

spread defaults increases, threatening both the sustainability of household budgets and the stability of the 

financial sector as a whole. An additional factor is the technological accessibility of credit, in particular 

online loans and mobile banking applications, which lowers the entry threshold for borrowing and contrib-

utes to rising indebtedness without proper assessment of repayment capacity. While the digitalization of fi-

nancial services promotes borrowing, it simultaneously amplifies the risk of default, especially among finan-

cially vulnerable population groups [3]. 

At the same time, commercial banks are oriented toward the retail market, since loans to individuals 

generate higher returns than corporate lending. This institutionally reinforces the banks’ motivation to stimu-

late consumer lending, including among vulnerable groups. Financial vulnerability is most pronounced 

among households with low incomes and limited financial literacy [4]. 

The purpose of this article is to conduct a comprehensive study of the factors underlying household 

over-indebtedness, combining a systematic review of academic literature with empirical analysis using lo-

gistic modeling. Particular attention is paid to identifying the socio-economic determinants influencing the 
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probability of loan delinquencies, as well as to developing recommendations aimed at strengthening the fi-

nancial resilience of the population. 

Literature Review and Research Positioning 

The analysis of recent scientific publications makes it possible to identify key socio-demographic and 

economic characteristics that influence household credit behavior. Most researchers agree that variables such 

as age, gender, education, income, family size, and employment are significant predictors of loan delinquen-

cies. However, approaches to their study vary considerably in both methodological and empirical aspects. 

1. Comparison of Methodologies and Variables 

The studies of Xiao and Yao, Dempere, and Malik use aggregated household survey data to examine 

the relationship between family structure and the ownership of different types of debt [5,6,7]. These works 

apply logit modeling with a focus on mortgage and student loans. In contrast, the present study relies on 

microdata that include specific cases of delinquencies, which makes it possible to model not only the proba-

bility of holding debt but also the actual risk of default. 

The studies by Fernández-López S. [8, 9] and Chen F. [10] focus on the role of financial literacy, em-

phasizing that it can amplify or mitigate the impact of income and employment on borrower behavior. These 

works employ survey-based financial literacy indices and their interaction with behavioral variables, whereas 

our model applies an objective indicator—per capita income—which increases sensitivity to social vulnera-

bility without relying on respondents’ self-assessment. 

Białowolski R. [4] applies a comparative approach between subjective and objective over-indebtedness, 

revealing that the type of loan and the level of education influence the perception of debt burden. In contrast, 

our study focuses not on perception but on the actual presence of delinquencies, confirmed by specific pay-

ment status. 

The study by Xidonas P. [11] uses EU microdata and examines access to credit, including the probabil-

ity of rejection. It applies binary choice models with an emphasis on employment and housing status. Alt-

hough the structure of this model is close to that employed in the present study, the key distinction lies in the 

context: our model is based on data from an emerging financial market—Kazakhstan—where access to digi-

tal loans is not accompanied by a centralized borrower assessment system. 

2. Financial Literacy and Behavior 

The studies by Mutsonziwa and Fant [12], as well as De Oliveira Santini [13], highlight the impact of 

cross-borrowing and low financial literacy on the propensity for delinquency. However, their focus is on Af-

rican and Latin American countries, and they rely on survey-based methods. In contrast, our study incorpo-

rates variables that reflect the structure of current indebtedness and models the actual behavior of borrowers 

at the household level. 

Diba, Abrantes-Braga, and Veludo-de-Oliveira [14] emphasize “reborrowing” because of distorted per-

ceptions of credit conditions. While we do not directly examine cognitive biases, our findings show that mul-

tiple loans (Numlo) significantly increase the risk of default, thereby empirically confirming the consequenc-

es described in these behavioral models. 

3. Debt Burden, Assets, and Digitalization 

Madeira [15] and Białowolski [4] examine the structure of debt and the sensitivity of households to in-

terest rates. These studies rely on macroeconomic panels or aggregated data, whereas our analysis employs 

individual-level observations, which allows for a more precise assessment of the relationship between the 

number of loans and delinquency at the microdata level. 

Agarwal and Chua [3] raise the important issue of digital lending and its dual impact—on the one hand, 

expanding access, and on the other, increasing the risk of excessive borrowing. Our study addresses the indi-

rect effects of digitalization, pointing to the lack of systematic information sharing among lenders, which 

enables borrowers to obtain loans from multiple institutions within a single day. 

4. The Kazakhstani Context 

In the Kazakhstani context, the study by Mukan M. et al. [16] raises questions about the influence of fi-

nancial literacy on the choice of microcredit products but does not analyze socio-demographic factors such 

as age, income, or family structure. Ishuova Zh., Daribayeva M., and Boluspayev Sh. [17,18] focus on mac-

ro-level aspects—consumption smoothing and market regulation—whereas the present study concentrates on 

the individual level, modeling the probability of delinquency as a function of borrowers’ socio-economic 

characteristics. 

Thus, the main distinction of this study from the existing literature lies in: 
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- the use of micro-level data on actual delinquencies, rather than relying solely on self-reported or 

aggregated indicators; 

- the integration of demographic variables into risk assessment models, including rarely used variables 

such as per capita income; 

- the focus on the regional Kazakhstani context, where the specifics of the financial infrastructure 

(absence of centralized credit scoring, weak digital transparency, active microcredit expansion) require 

adapted approaches to risk analysis. 

This makes it possible to refine existing findings and provide an empirical basis for developing effec-

tive scoring tools tailored to the realities of emerging markets. 

The empirical base of the study was formed from a cross-sectional sample of 256 households surveyed 

in 2023 in the Kapshagay region of Almaty oblast. Data collection was carried out through a targeted ques-

tionnaire survey, considering the socio-demographic diversity of respondents (age, gender, education, em-

ployment, family composition). The resulting data make it possible to quantitatively assess the impact of so-

cio-economic characteristics on credit behavior and the level of default risk. 

The current socio-economic situation in Kazakhstan is characterized by the growth of consumer lending 

and an increasing debt burden, particularly in vulnerable regions. Against this backdrop, a key question aris-

es: which household characteristics increase the risk of loan delinquencies? To address this, the study formu-

lates the main research question: which socio-economic factors have a significant impact on the probability 

of delinquency? 

For empirical verification, two hypotheses are formulated: H1: An increase in the number of active 

loans is associated with a higher probability of default; H2: Low per capita household income increases the 

risk of delinquency. Testing these hypotheses will not only confirm the findings presented in the literature 

but also adapt them to the regional context. Thus, the study aims to refine the factors of financial vulnerabil-

ity and to provide an evidence base for corrective policies in the field of consumer lending. 

Main part of the study 

Macroeconomic Context: Inflation and Rising Indebtedness 

A comparison of household lending dynamics with persistently high interest rates and inflationary 

spikes indicates a deterioration in household debt sustainability. Despite rising living costs, borrowing vol-

umes continue to grow, reflecting the escalating problem of over-indebtedness. The situation appears particu-

larly concerning in 2023, when an inflationary surge did not curb credit expansion but, rather, coincided with 

its acceleration. 

Figure 1 presents the dynamics of consumer lending, inflation, and household income in Kazakhstan for 

the years 2023–2025. 

 
 

Figure 1 presents the dynamics of consumer lending, inflation, and household income in Kazakhstan for the years 

2023–2025. 
Note — compiled by the author based on data from the National Bank of the Republic of Kazakhstan [19,20]. 

 

As can be seen, the growth of household debt burden significantly outpaces income growth, which ex-

acerbates the problem of over-indebtedness and reduces households’ financial resilience. This illustrates how 

the macroeconomic situation helps explain the micro-level factors identified. An analysis of macroeconomic 
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data for 2023–2025 reveals a pronounced imbalance between the growth of indebtedness and the dynamics 

of household income. The total volume of loans issued to individuals increased by approximately 70 %—

from 13 to 22 trillion tenge—whereas the nominal annual growth of per capita monetary income fluctuated 

within the range of 10–14 %, with some months even showing a slowdown. Taking into account high infla-

tion, real household income remained almost stagnant or grew only marginally, which reinforced dependence 

on borrowed funds [19,20]. 

Of particular concern is that, against the backdrop of inflationary pressure and limited income growth, 

average interest rates on consumer loans remained at the level of 20–25 % per annum, while in certain seg-

ments (e.g., unsecured microfinance) they could exceed 40 %. This makes the debt burden especially heavy 

for vulnerable household groups. Households are forced to increase borrowing in order to offset the effects 

of inflation and maintain consumption, while the share of income allocated to debt servicing continues to 

rise. As a result, their ability to cope with additional expenses or economic shocks deteriorates. 

Research Methodology and Statistical Data 

To analyze the factors influencing the probability of loan delinquencies among Kazakhstani households, 

the logistic regression method was applied. This approach is a standard tool for modeling events with binary 

outcomes, such as the presence or absence of a loan delinquency [21,22]. Logit and probit models make it 

possible to capture the nonlinear relationship between predictors and the probability of an event, as well as to 

interpret the results through odds ratios and marginal effects. 

The study is based on a cross-sectional sample of 256 households surveyed in 2023 in several localities 

of Almaty oblast (Kapshagay, Zarechnoye, Kerbulak, and others) [23]. Data collection was carried out with-

in the framework of the “Society Without Debt” project of the Uly Dala Association for Rural Business De-

velopment, using a stratified questionnaire survey that covered the main socio-demographic characteristics: 

age, gender, education, employment, family composition, income, and parameters of debt burden (Table 1). 

Dependent Variable: 

days — a binary variable that takes the value 1 if a loan delinquency of more than 90 days is present, and 0 

otherwise; 

Key Explanatory Variables: 

Numlo — the number of active loans, reflecting the degree of debt burden; 

IncPer — per capita household income, calculated as total income (Inc) divided by the number of household 

members (Perhouse), measured in tenge; 

City — type of settlement (urban/rural); 

Age — age of the respondent; 

Gen — gender of the respondent (male/female); 

Edu — level of education (primary, secondary, higher); 

Sst — social status (employed, retired, student, etc.); 

Monpay — total monthly payment on all loans (in tenge). 

Table 1 — Description of Variables Used in the Study  

№ Variable Symbol Description and Measurement 

1 Place of residence of the respondent City urban / rural 

2 Age Age Age of the respondent, years 

3 Gender Gen Gender of the respondent: male/female  

4 Education Edu Level of education of the respondent (primary, sec-

ondary, higher, etc.) 

5 Social Status Sst Social status of the respondent (e.g., employed, retired, 

student, etc.) 

6 Large Family Lfam Large family (yes/no) 

7 How many people live in the household, including 

the respondent? 

Perhouse Number of people living together in one household 

8 Do you have any loans or debts? Avlo Does your household currently have any loans or 

debts? (yes/no) 

9 Number of loans Numlo Number of active loans in the household 

10 Monthly loan payment Monpay Amount of total monthly payment on all loans, tenge 

11 Are there any loans delinquent for more than 90 

days? 

days Presence of overdue loan payments of more than 90 

days (yes = 1, no = 0) 

12 Total monthly household income Inc Total monthly household income, tenge 

Note — compiled by the authors based on [23] 
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The logit model has the following form: 

 

 
(1) 

where: 

Pr(daysᵢ = 1) — probability that household i has a loan delinquency, 

Numloᵢ — number of active loans, 

IncPerᵢ — per capita household income, 

Xᵢ — vector of socio-demographic variables (gender, education, status, place of residence), 

β — estimated model coefficients. 

 (2) 

where Φ denotes the standard normal distribution function. 

 

H1: An increase in the number of active loans is associated with a higher probability of delinquency (β₁  > 

0). 

H2: Low per capita household income increases the risk of default (β₂  < 0). 

 

The application of logit and probit models is determined by the binary nature of the dependent variable 

and is supported by academic practice in credit risk assessment [24]. Both models allow for capturing the 

probabilistic nature of financial behavior, in contrast to linear regression, which is inadequate for modeling 

binary outcomes [22]. 

The proposed empirical model differs from those previously discussed in the literature both in methodo-

logical approach and in the context of application. The main distinctions and novelty can be summarized as 

follows: 

1. Regional context and specifics of digital lending. 

In contrast to most foreign studies focused on stable financial systems [10,11], the present research re-

lies on data from Kazakhstan—a country with a rapidly developing microcredit market and a relatively high 

share of vulnerable households. A distinctive feature of the Kazakhstani context is the widespread practice of 

simultaneously obtaining multiple loans through online applications, often without proper assessment of the 

borrower’s solvency. This circumstance necessitates a specific model that takes into account both the number 

of loans and demographic characteristics. 

2. Per capita income (IncPer) 

Unlike most studies that use total household income as an explanatory variable [21], the present re-

search employs the derived variable IncPer—per capita household income. It was constructed from survey 

data by dividing the total monthly household income (Inc) by the number of household members (Perhouse). 

Such normalization provides a more accurate measure of financial vulnerability, reflecting the resources 

available per individual within the household. This is particularly relevant for large families and extended 

households, which are common in rural areas of Kazakhstan. This approach offers a more sensitive assess-

ment of repayment capacity than using gross household income. 

3. Extended use of socio-demographic characteristics. 

In contrast to models focused on behavioral indicators of financial vulnerability and their relationship 

with credit availability and debt burden [14,16], the present study analyzes structural socio-demographic var-

iables: age, gender, education, social status, and household composition. Examining variables such as age, 

gender, level of education, and family structure makes it possible to better understand hidden factors of so-

cial vulnerability that are not directly observable but significantly affect the risk of delinquency. This en-

hances the accuracy of models under conditions of diverse borrower socio-economic backgrounds. 

4. Methodological robustness: logit and probit modeling. 

To enhance the reliability of the results, both logit and probit estimations were applied. This dual ap-

proach makes it possible to test the robustness of the findings with respect to the specification of the error 

distribution [22,25]. Both types of models produced consistent results, which strengthens the credibility of 

the empirical conclusions. 

1. Kazakhstani context: original survey microdata are used, reflecting local practices of digital lending, 

including multiple borrowing and microfinance. 
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2. Per capita income (IncPer): unlike the traditional approach of using total household income, a more 

accurate indicator of repayment capacity is proposed, one that is adapted to large families. 

3. Integration of socio-demographic variables: the model incorporates factors not typically included in 

most banking data—age, gender, education, and status—allowing for a more comprehensive assessment of 

default determinants. 

Results and conclusions 

The results of the logit and probit regressions are presented in Table 2 and Table 3. The main objective 

of the analysis is the empirical testing of hypotheses H1 and H2 regarding the impact of the number of active 

loans and per capita income on the probability of loan delinquencies. The estimations were carried out using 

robust standard errors. 

H1: An increase in the number of loans raises the risk of default (β₁  > 0); 

H2: Low per capita income increases the risk of default (β₂  < 0). 

 
Table 2 — Results of logit and probit regressions for estimating the probability of delinquency 

 Characteristic Logit Probit 

1 2 3 4 

2 Number of 

observations 

252 252 

3 Wald chi2(9) 42.21 46.25 

4 Prob > chi2 0.0000 (model statistically significant) 0.0000 (model statistically significant) 

5 Pseudo R2 0.1964 0.1977 

6 Numlo (coefficient) 0.541216 (statistically significant, p = 0.005) 0.3071444 (statistically significant, p = 

0.002) 

7 Other variables Age, IncPer, City, Gen, Edu, Sst: not statistically 

significant (p > 0.05) 

Age, IncPer, City, Gen, Edu, Sst: not 

statistically significant (p > 0.05) 

8 Constant -2.604637 (statistically significant, p = 0.010) -1.56204 (statistically significant, p = 

0.001) 

Note — compiled by the authors based on [23] 

In both models, the variable Numlo is a significant predictor with a positive effect on the probability of de-

fault, fully confirming hypothesis H1. 

Table 3 — Results of Logit and Probit Regressions for Hypothesis Testing  

 Variable Logit: Coef. (p-value) Probit: Coef. (p-value) Hypothesis outcome 

1 2 3 4 5 

2 Numlo (number of loans) 0.541 (0.005) 0.307 (0.002) H1 confirmed 

 

3 IncPer (per capita income) –0.521 (0.455) –0.305 (0.342) H2 not confirmed 

 

4 Age 0.181 (0.563) 0.116 (0.469) Not significant 

5 City –0.688 (0.482) –0.301 (0.505) Not significant 

6 Gen –1.252 (0.300) –0.476 (0.319) Not significant 

Note — compiled by the authors based on [23] 

 
In both models, the variable Numlo is a significant predictor with a positive effect on the probability of 

default, fully confirming hypothesis H1. 

The variable IncPer shows a negative sign in both models, which is consistent with hypothesis H2; 

however, in both cases the coefficients are statistically insignificant. 

The results of the logistic and probit regressions showed that the number of open credit lines (Numlo) 

has a statistically significant positive effect on the probability of loan delinquency. This confirms the hy-

pothesis that borrowers with a larger number of open credit lines are more prone to delinquencies. However, 

other socio-demographic variables, such as age, per capita income, place of residence, gender, education, and 

social status, did not show a statistically significant impact on the probability of delinquency. Both models 

(logistic and probit) demonstrated overall statistical significance (p < 0.0001), but relatively low pseudo R² 
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values (around 0.19), indicating that other important factors influencing the probability of delinquency are 

not captured in the model. 
 

Table 4 — Marginal Effects (margins, dy/dx)  

 Variable Logit: dy/dx (p) Probit: dy/dx (p) 

1 2 3 4 

2 Numlo 0.0192 (0.036) 0.0256 (0.014) 

3 IncPer –0.0185 (0.476) –0.0255 (0.387) 

Note — compiled by the authors based on [23] 

 

The effect of the variable Numlo on the probability of default is significant in both the logit and probit 

models: an additional loan increases the risk of delinquency by approximately 2–2.5 %. 

The effect of income (IncPer) is negative but statistically insignificant. 

The analysis of marginal effects for the logit model showed that the number of open credit lines 

(Numlo) has a statistically significant positive impact on the probability of loan delinquency. An increase of 

one active loan raises the probability of delinquency by an average of 1.92 percentage points (p = 0.036), all 

else being equal. 

A similar result was obtained in the probit model: the variable Numlo also demonstrated a positive and 

statistically significant effect. An additional credit line increases the probability of default by an average of 

2.56 percentage points (p = 0.014) (Table 4). 

Other socio-demographic characteristics—age, per capita income, type of settlement, gender, level of 

education, and social status—did not show a statistically significant effect on the probability of delinquency 

in either model (p > 0.1). 

To estimate the marginal effects, mean values of the predictors were used, along with robust standard 

errors, which account for potential heteroskedasticity and enhance the reliability of interpretation. 

Table 5 — Classification Quality  

 Metric Logit Model Probit Model 

1 2 3 4 

2 Classification accuracy 93.65 % 93.65 % 

3 Sensitivity 11.76 % 11.76 % 

4 Specificity 99.57 % 99.57 % 

5 PPV (precision) 66.67 % 66.67 % 

6 NPV 93.98 % 93.98 % 
Note — compiled by the authors based on [23] 

 

Both models—the logistic and probit regressions—demonstrated high overall classification accuracy 

(93.65 %), indicating their ability to correctly identify the majority of borrowers. However, a more detailed 

analysis of performance metrics revealed a substantial imbalance between sensitivity and specificity. 

In particular, the sensitivity of both models was only 11.76 %, indicating an extremely low ability to de-

tect borrowers with an actual risk of default. In other words, the models correctly classify only about one out 

of nine borrowers who became delinquent. This critically limits their practical value for credit institutions, as 

a significant number of high-risk clients remain unidentified. 

At the same time, the specificity of the models turned out to be very high—99.57 %, indicating a high 

accuracy in recognizing reliable payers. Such asymmetry in model performance points to a bias toward the 

majority class (clients without delinquencies), which may be a consequence of strong class imbalance in the 

sample. 

Low sensitivity is a key limitation: it increases the likelihood of granting loans to borrowers with a high 

risk of delinquency, which, in turn, may lead to substantial financial losses. 

The estat classification command showed: 

Overall classification accuracy: 93.65 % 

Sensitivity (true positive rate): 11.76 % 

Specificity (true negative rate): 99.57 % 
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This means that the model predicts the absence of default well, but performs poorly in predicting its oc-

currence, which is typical for imbalanced samples with a low share of defaults (Table 5). 

 

 

Figure 2 — Distribution of Predicted Probabilities of Default  
Note — visualization and analytical processing of data were carried out using artificial intelligence tools based on [23]. 

The distribution of predicted default probabilities in Figure 2 shows that most households are concen-

trated in the low-probability zone (<10 %). However, there is a clearly defined “risk group” with probabili-

ties above 30 %. This indicates the existence of vulnerable households characterized by a high debt burden 

and weak financial resilience. 

 

5. Goodness-of-Fit (Pearson Test) 

Model χ² (df = 152), Logit: 241.08 

Model χ² (df = 152), Probit: 214.37 

p-value Logit = 0.0000 

p-value Probit = 0.0006 

 

The probit model shows a better fit to the data (smaller deviation), although both models formally fail 

the goodness-of-fit test—an indication of possible model misspecification. 

 

6. Multicollinearity (VIF) 

Logit model: Mean VIF = 5.31 

Probit model: Mean VIF = 2.87 

 

Both models show no signs of serious multicollinearity (VIF < 10). The probit model demonstrates a 

more stable predictor structure. 

The results of the analysis confirmed the significance of the variable “number of active loans” in pre-

dicting the risk of delinquency, thereby supporting hypothesis H1. An increase in the number of active loans 

statistically significantly raises the probability of default in both the logit and probit models, with similar 

coefficients and marginal effects. 

At the same time, hypothesis H2, which assumed a negative effect of income level on the risk of delin-

quency, did not receive statistical support. Although the coefficients had the expected sign, they did not 

reach statistical significance, which may indicate the influence of unobserved factors—such as income insta-

bility, type of credit product, or borrowers’ behavioral characteristics. 

Despite high overall classification accuracy (93.65 %), both models demonstrated extremely low sensi-

tivity (11.76 %), which substantially limits their practical applicability. The probit model showed slightly 

better robustness according to the goodness-of-fit criterion (χ²), as well as lower multicollinearity (VIF) and 

a somewhat stronger marginal effect for the key variable Numlo. 

In addition, the Pearson test revealed a statistically significant deviation of both models from the ob-

served data, which may be associated with omitted predictors, unaccounted nonlinear relationships, or speci-

fication errors. 
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Recommendations for model improvement: 

Use class balancing methods (SMOTE, weighted loss functions); 

Include additional behavioral and macroeconomic variables; 

Lower the classification threshold; 

Apply modern machine learning algorithms (XGBoost, Random Forest). 

Conclusions 

The conducted study made it possible to empirically confirm a significant relationship between the level 

of household indebtedness and the risk of delinquency, which is consistent with the findings of a number of 

foreign studies [26]. It was established that each additional loan obligation increases the probability of de-

fault, making this indicator a key factor in the construction of scoring models. 

At the same time, per capita household income did not demonstrate statistical significance, despite the 

negative direction of its effect. This may be explained by the fact that formal income does not reflect the ac-

tual repayment capacity of borrowers, particularly under conditions of digital and parallel borrowing. These 

findings are consistent with Madeira [15], who emphasizes that income instability and unpredictability are 

more important than its nominal level. 

The analysis also revealed the influence of social status and credit accessibility, highlighting the need to 

account for behavioral and institutional factors in credit risk assessment models. The obtained results demon-

strate the potential of logistic models when relevant variables are included; however, they also indicate the 

limited predictive power of such models without addressing class imbalance and behavioral aspects. 

Practical Recommendations 

- Development of scoring tools that are sensitive to the number of active loans, taking into account the 

structure of current debt rather than relying solely on formal repayment capacity. 

- Digitalization of credit data through a unified platform that allows for tracking parallel loan applica-

tions submitted by borrowers across different MFIs and banks. 

- Creation of early warning systems for borrowers with multiple loans, including referral to debt man-

agement programs. 

- Expansion of financial literacy programs, with a focus on socially vulnerable groups (pensioners, 

students, the unemployed). 

- Introduction of restrictions on multiple borrowing for clients with a high debt burden, in order to re-

duce systemic risk. 

Directions for Further Research 

Expansion of the sample and use of panel data to analyze the dynamics of credit behavior. 

Application of machine learning techniques (Random Forest, XGBoost) to identify non-trivial patterns 

of default behavior. 

Inclusion of psychological and behavioral factors, including analysis of borrowers’ digital activity (fre-

quency of online loans, behavior on lenders’ websites). 

Evaluation of the effectiveness of implemented recommendations based on experimental or quasi-

experimental data. 
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Abstract 
This article presents a systematic review of research on the antecedents of career self-efficacy among school and 

university students. Drawing on Social Cognitive Career Theory (SCCT), the review focuses on how individual charac-

teristics and contextual conditions jointly shape students’ beliefs in their ability to explore options, make decisions and 

pursue preferred career pathways. A PRISMA-guided search of Scopus, Web of Science, Emerald and EBSCO identi-

fied 48 empirical studies published between 1995 and 2025 that examined career self-efficacy or closely related con-

structs among secondary and higher education students. Data were extracted using a structured coding template and 

synthesized thematically. 

The findings show that individual antecedents encompass both relatively stable traits (e.g., curiosity, persistence, 

openness to experience, emotional stability) and malleable psychological resources (e.g., emotional regulation, self-

esteem, career adaptability, perceived person–environment fit). Contextual antecedents include social support from par-

ents, teachers, counsellors and peers; structured career interventions such as courses, workshops and experiential pro-

grammes; and wider socio-demographic and structural factors related to social class, gender, ethnicity and migration 

background. Across studies, career self-efficacy is unevenly distributed, reflecting broader patterns of opportunity and 

constraint. 

The review reinforces and refines SCCT by demonstrating that contextual supports and barriers operate as proxi-

mal determinants of self-efficacy alongside individual resources, and by highlighting psychological resources as mech-

anisms linking structure and agency. It identifies major gaps in the literature, including limited longitudinal and inter-

sectional research, narrow geographical coverage and short-term evaluations of interventions. The article concludes by 

outlining implications for theory and practice and by calling for multi-level strategies that combine individual-focused 

support with efforts to address structural inequalities in education and career guidance.  

 

Keywords: Career self-efficacy, Secondary Education, Career decision-making, Social Cognitive Career Theory, High-

er Education 

 

Note: The authors used AI tools for grammar correction, language refinement, and stylistic adjustments to enhance the 

clarity and coherence of the manuscript. 

 

Introduction 

Career self-efficacy has become a central construct in educational psychology and career development 

research because it shapes how young people approach choices about their future. Building on Bandura’s 

notion of self-efficacy as people’s beliefs in their capabilities to organise and execute courses of action 

(Bandura, 1993), career self-efficacy refers to students’ confidence in performing tasks such as exploring 

options, making decisions and pursuing preferred pathways. Prior studies show that these beliefs are closely 

linked to academic engagement, willingness to explore non-traditional routes and persistence in the face of 

setbacks, as well as eventual transitions into further study, training or the labour market (Betz, 2000; Jantzer, 

Stalides & Rottinghaus, 2009; Moldashev et al., 2019; Umirzakov et al., 2019). For adolescents in school 

and emerging adults in higher education, career self-efficacy is therefore a key psychological resource that 

underpins how they navigate increasingly complex educational and occupational environments. 

Social Cognitive Career Theory (SCCT) has provided a powerful lens for understanding how such be-

liefs develop. SCCT conceptualises career self-efficacy as arising from the interplay of personal characteris-

tics, learning experiences and contextual supports and barriers (Lent, 2008). Within this framework, stu-

dents’ confidence in their career-related capabilities is not a fixed trait, but a dynamic system of beliefs 

shaped over time by feedback from family, teachers, peers, institutions and the wider social structure. Empir-

ical studies illustrate, for example, how emotional stability and personality characteristics relate to career 
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self-efficacy (Bubić & Ivanišević, 2016), how emotional intelligence supports career-related decision-

making (Santos, Wang & Lewis, 2018) and how career adaptability can help young adults maintain confi-

dence in the face of barriers (Creed, 2018; Duffy, Douglass & Autin, 2015). Together, this work points to a 

complex set of individual and contextual influences that operate across secondary and higher education. 

However, despite broad agreement that career self-efficacy plays a decisive role in students’ career de-

velopment, the literature remains fragmented. Studies are scattered across disciplines such as educational 

psychology, counselling, vocational behaviour and higher education research; they often focus either on in-

tra-individual variables (e.g. personality, self-concept, emotional resources) or on selected contextual influ-

ences (e.g. parental support, religious or community support, specific interventions) without integrating these 

strands (Lent, 2008; Jantzer et al., 2009). The evidence base is dominated by cross-sectional survey research 

conducted in single institutions, relies heavily on convenience samples and frequently treats socio-economic 

status, gender, ethnicity and migration background as background controls rather than as central objects of 

inquiry. As a result, we have useful but partial insights and lack the kind of synthesis needed to understand 

how individual and contextual antecedents work together across secondary and higher education. 

This study addresses these gaps by conducting a systematic review of research on the career self-

efficacy of school and university students published between 1995 and 2025. Using a PRISMA-guided ap-

proach, we identified, screened, and analysed forty-eight empirical studies that examine career self-efficacy 

or closely related constructs among secondary and higher education populations. Each article was coded for 

publication outlet, national context, educational level, methodological approach, measurement strategy, and 

substantive findings. The coded material was then synthesised thematically to identify recurring patterns in 

individual and contextual antecedents, as well as notable gaps and imbalances in the evidence base. 

The review shows that students’ career self-efficacy is shaped by two broad groups of antecedents. In-

dividual factors include dispositional tendencies (such as curiosity, persistence and emotional stability) and 

malleable psychological resources (such as emotional regulation, self-esteem, career adaptability and per-

ceived person–environment fit). Contextual factors encompass social support from parents, teachers, coun-

sellors, peers and religious or community figures; structured career interventions such as courses, workshops 

and experiential programmes; and wider socio-demographic and structural conditions linked to class, gender, 

ethnicity and migration background. By bringing these strands together, the review extends existing 

knowledge in three ways: it consolidates a fragmented literature into an integrated framework of antecedents, 

refines SCCT-based understandings of how person–context transactions shape career self-beliefs in adoles-

cence and emerging adulthood, and highlights underexplored areas, including developmental trajectories, 

intersectional disadvantage and the longer-term outcomes of career self-efficacy. 

The remainder of the paper is structured as follows. The next section outlines the methodology of the 

systematic review, including search strategy, inclusion and exclusion criteria and data coding procedures. 

The Findings section then synthesises the reviewed studies by organising antecedents into individual and 

contextual domains and identifying key thematic clusters within each. The Discussion interprets these find-

ings in light of SCCT, drawing out theoretical implications and methodological limitations and outlining di-

rections for future research. The paper concludes by summarising the main contributions and offering practi-

cal recommendations for educators, counsellors and policymakers seeking to strengthen the career self-

efficacy of school and university students. 

Methodology 

Data Collection 

This study adopts a systematic literature review approach to ensure transparency, consistency, and rig-

our in synthesising prior work (Tranfield et al., 2003; Page et al., 2021). The review was guided by the 

PRISMA framework, which structures the process into four stages — identification, screening, eligibility, 

and inclusion — and allows readers to trace how the final sample of articles was derived. 

The focus of the review is on studies that examine career self-efficacy or closely related constructs such 

as career decision self-efficacy among students in secondary and higher education. To capture the develop-

ment of this research over time, the search covered the period from 1995 to 2025. This time frame spans 

three decades during which both SCCT and the study of self-efficacy in education have expanded signifi-

cantly. 

Searches were conducted in four major databases widely used in education, psychology, and social sci-

ences research: Scopus, Web of Science, Emerald, and EBSCO. Boolean operators were applied to combine 

keywords and synonyms related to the construct, population, and educational level. Typical search strings 
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included combinations such as “career self-efficacy” OR “career decision self-efficacy” AND “students” 

AND (“secondary school” OR “high school” OR “college” OR “university” OR “undergraduate”). The 

search was restricted to peer-reviewed journal articles written in English. In addition to database searches, 

manual checks of key journals in career development and educational psychology, as well as backward and 

forward citation tracking, were conducted to ensure that influential studies not captured by the initial search 

terms were included (Sarzhanova & Nurgabdeshov, 2025; Umirzakov et al., 2019). 

Screening and eligibility 

The initial search yielded a larger pool of publications, from which duplicates were removed. Titles and 

abstracts were then screened to exclude clearly irrelevant items. Full texts were obtained for the remaining 

articles and assessed against predefined inclusion and exclusion criteria. 

To be included, studies had to: (i) be published in peer-reviewed journals; (ii) empirically examine ca-

reer self-efficacy, career decision self-efficacy, or closely related career-specific efficacy beliefs as a focal 

construct; (iii) focus on student populations in secondary schools, high schools, colleges, or universities; and 

(iv) report primary data based on quantitative, qualitative, or mixed-method designs. Studies that focused 

exclusively on general self-efficacy without a clear career component, or that addressed broader aspects of 

career development without measuring self-efficacy, were excluded. Non-journal sources such as books, dis-

sertations, conference papers, and reports were also excluded in order to maintain a consistent quality thresh-

old. 

Following this procedure, a final sample of forty-eight empirical studies published between 1995 and 

2025 was retained for detailed analysis. These articles represent work conducted in a range of national con-

texts and educational levels, but all examine how individual or contextual factors shape students’ confidence 

in dealing with career-related tasks. 

Data coding and analysis 

Data from each article were extracted using a structured coding template. For every study, the following 

information was recorded: year of publication, journal outlet, country or region, educational level of partici-

pants (secondary school, high school, college, or university), sample characteristics, research design (quanti-

tative, qualitative, or mixed-method), measurement instruments used to assess career self-efficacy, and key 

findings related to antecedents and outcomes of career self-efficacy. 

On the basis of this coding, descriptive statistics were generated to characterise the evidence base in 

terms of publication outlets, temporal trends, and methodological approaches. Across the forty-eight studies, 

approximately nineteen per cent employed qualitative designs, fifty per cent used quantitative survey-based 

methods, twenty-seven per cent adopted mixed-method approaches, and four per cent were conceptual or 

theoretical contributions linked closely to empirical work. These patterns confirm that the field is dominated 

by cross-sectional survey research, with a smaller but growing body of qualitative and mixed-method stud-

ies. 

The substantive analysis proceeded in two steps. First, findings from individual studies were grouped 

into broad categories according to whether they focused primarily on individual antecedents (for example, 

personality traits, psychological resources, academic self-concept) or contextual antecedents (for example, 

social support, career interventions, socio-demographic conditions). Second, within these two overarching 

domains, more fine-grained themes were inductively identified by comparing how different studies concep-

tualised and operationalised predictors of career self-efficacy. This iterative process of constant comparison 

allowed similar constructs to be clustered and recurring mechanisms to be identified across diverse samples 

and settings. 

The approach adopted here follows established practices in systematic review research (Eva et al., 

2019; Nguyen et al., 2025) and is designed to ensure that the synthesis is both transparent and replicable. By 

combining a structured search and screening strategy with systematic coding and thematic analysis, the re-

view provides a coherent overview of what is currently known about the individual and contextual anteced-

ents of students’ career self-efficacy, as well as the key gaps that warrant further investigation. 

Table 1: List of journals and number of articles related to career self-efficacy of high school students (1995–2025) 

No   No of papers 

1 Career Development International 1 

2 Journal of Career Assessment 8 

3 Journal of Career Development 12 

4 Journal of Counselling & Development 2 
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5 Journal of Counselling & Psychology 1 

6 Journal of Hospitality, Leisure, Sport & Tourism Education 2 

7 Journal of Science Education and Technology 1 

8 Journal of Vocational Behavior 9 

9 Leadership Quarterly 1 

10 Personality and Individual Differences 3 

11 Research in Higher Education 1 

12 The Career Development Quarterly 8 

Note — compiled by the authors 

 

Publication outlets 

It is interesting to note that most of the papers (77 %) in our review were published in four journals, 

Journal of Career Assessment, Journal of Career Development, Journal of Vocational Behavior and The Ca-

reer Development Quarterly (see Table 1). From the analysis of time trends, it is important to note that 66 % 

of the articles were published after 2009, which leads us to define this issue as a hot topic. 

Research methods used in the articles 

It can be seen from Table 2, 50 % of empirical studies were conducted by using quantitative research 

methods, quantitative research methods were preferred by 19 % of articles, while the remaining 27 % uti-

lized a mixed-method approach and 4 % were conceptual studies.  

 
Table 2. Research methods used by career self-efficacy 

Research methods  No of papers % of No 

Qualitative Interviews 

Observations 

Policy documents, secondary data 

Case study, interviews 

Longitudinal interviews  

9 19 % 

Quantitative Survey, questionnaire 

Secondary data 
24 50 % 

Mixed Survey and interviews 

Documental search from international agencies 

Survey, secondary data 

Case study 

13 27 % 

Conceptual papers  2 4 % 

Total  48 100 % 

Note — compiled by the authors 

 

Findings 

Existing research provides extensive insights into the factors that shape students’ confidence in manag-

ing career-related tasks. Across the forty-eight studies reviewed, the antecedents of career self-efficacy clus-

ter into two broad domains: individual characteristics and psychological resources on the one hand, and con-

textual influences embedded in family, school, and wider social environments on the other. In line with 

SCCT, these studies show that students’ beliefs about their ability to explore options, make decisions, and 

pursue preferred pathways are co-constructed through the interaction between personal dispositions and the 

supports and barriers they encounter in their environments. 

 

Individual Antecedents 

Empirical research demonstrates that the career self-efficacy of school and university students is strong-

ly shaped by individual characteristics. The first group of studies highlights the role of dispositional tenden-

cies and career-related skills. Work using the Planned Happenstance Career Inventory shows that skills such 

as curiosity, persistence, flexibility, optimism, and risk-taking are positively associated with career decision 

self-efficacy, suggesting that students who are more open to unplanned opportunities and able to act on them 

report greater confidence in their ability to make career decisions (Huang, 2015). Similarly, studies grounded 

in the Big Five model indicate that conscientiousness, extraversion, and openness to experience are positive-

ly linked to career decision self-efficacy, whereas neuroticism tends to undermine students’ confidence 

(Hartman & Betz, 2007). Research on healthy personality profiles further suggests that adolescents and 
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young adults who score higher on indicators of emotional and social adjustment show stronger beliefs in 

their capacity to handle career tasks (Borgen & Betz, 2008). 

A second set of studies focuses on psychological resources that help students regulate emotions and 

cope with uncertainty. Emotional stability has been identified as a significant negative predictor of career 

concerns, indicating that students who experience lower levels of anxiety and emotional volatility are less 

likely to report decision-making difficulties (Bubić & Ivanišević, 2016; Gati et al., 2011). Ability-based 

emotional intelligence, including the capacity to understand, regulate, and use emotions, is also positively 

related to career decision self-efficacy (Santos, Wang & Lewis, 2018). Self-esteem emerges as another ro-

bust predictor, although some studies report gender differences, with the association between self-esteem and 

career self-efficacy being particularly pronounced among male students (Lease & Dahlbeck, 2009). Building 

on SCCT, the research shows that independent self-construal and a sense of personal agency are positively 

associated with confidence in career decision-making, especially when students have access to adequate oc-

cupational information and opportunities for career planning (Gianakos, 2001). 

The evidence also sheds light on individual factors that may hinder the development of career self-

efficacy. Symptoms of depression, social withdrawal, and low life satisfaction are negatively associated with 

students’ beliefs in their ability to make effective career choices, particularly among those who perceive lim-

ited control over their future (Hu, Hood & Creed, 2018). Beyond psychological adjustment, career adaptabil-

ity has been identified as a key resource: students who report higher levels of concern, control, curiosity, and 

confidence tend to feel more capable of engaging in career exploration and handling transitions, and inter-

ventions designed to enhance career adaptability have been shown to increase career self-efficacy over time 

(Shin, Steger, & Lee, 2014). Other studies suggest that students’ achievement-related beliefs and decision-

making styles also matter. High academic achievement and realistic expectations about future performance 

are linked to stronger career self-efficacy (Choi & Kim, 2013), whereas a maximising orientation — striving 

to identify the single best option — can lead to rumination and indecision, partly through its effects on out-

come expectations (Conklin, Dahling, & Garcia, 2013). Research on younger adolescents shows that early 

clarity about preferred career fields and realistic perceptions of occupational requirements are associated 

with higher confidence in navigating educational choices (Jantzer, Stalides & Rottinghaus, 2009). 

Finally, several studies examine how person-environment fit shapes students’ efficacy beliefs. Findings 

indicate that congruence between students’ interests and their chosen programmes, as well as perceived 

alignment between personal values and anticipated occupational roles, are positively related to career deci-

sion self-efficacy and satisfaction with educational choices (Srsic & Walsh, 2001; Tziner, Oren, & Caduri, 

2014). When students feel that their academic and vocational environments reflect their core identities and 

aspirations, they are more likely to believe that they can successfully pursue and sustain their desired career 

paths. Taken together, the reviewed studies suggest that individual antecedents of career self-efficacy span 

stable traits, malleable psychological resources, and dynamic perceptions of fit and capability. This body of 

evidence underscores that strengthening students’ emotional regulation, self-beliefs, and sense of person–

environment fit can meaningfully enhance their confidence in navigating career decisions. 

 

Contextual antecedents 

In addition to individual traits and psychological resources, the development of students’ career self-

efficacy is strongly influenced by the environments in which they grow up and study. The reviewed studies 

consistently show that family, school, peers, religious communities, and broader structural conditions shape 

how students interpret their abilities, opportunities, and chances of success. In line with SCCT, these contex-

tual influences operate through different forms of support and constraint, such as encouragement, role mod-

elling, access to information, and exposure to barriers. 

 

Social support 

A substantial body of work highlights the central role of social support in fostering students’ career self-

efficacy. Studies with college and university students show that perceived support from family, friends, and 

significant others is positively associated with confidence in making career decisions and pursuing occupa-

tional goals. Students who feel that important people in their lives take their aspirations seriously, offer en-

couragement, and provide instrumental help (for example, sharing information about courses, jobs, or intern-

ships) tend to report higher levels of career decision self-efficacy and lower levels of indecision (Chung-Ju 

Huan, 2016). Moreover, it was noted that contextual antecedents such as academic support from teachers, 
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usage of college academic resources improve students’ career self-efficacy and allow them to search for dif-

ferent career opportunities (Di Fabio & Kenny, 2015). 

Parental support emerges as particularly influential during adolescence. Research indicates that adoles-

cents who perceive their parents as warm, involved, and encouraging of exploration are more likely to be-

lieve that they can successfully manage educational and career choices (Renn, Steinbauer, Taylor & Det-

wiler, 2014). Parents who expose their children to different occupations, discuss educational pathways, and 

model persistence in the face of difficulties help create a climate in which career self-efficacy can develop 

(Wright et al., 2014). At the same time, overly controlling or critical parental behaviour, or the absence of 

guidance, can undermine young people’s confidence and lead to uncertainty about future plans (Lapan, 

2002). 

Supportive school environments also play an important role. Perceived teacher support, positive rela-

tionships with school counsellors, and constructive interactions with peers are associated with higher career 

self-efficacy. Teachers who provide feedback on strengths, link classroom learning to real-world work con-

texts, and encourage students to consider different possibilities help students see themselves as capable of 

succeeding in further study or work (Lease and Dahlbeck, 2009). Counsellors who actively listen, normalise 

uncertainty, and provide structured guidance similarly contribute to stronger self-efficacy beliefs (Poux & 

Fry, 2015). Beyond family and school, some studies emphasise the role of religious and community support 

(Ginevra, Nota, & Ferrari, 2015). For certain groups of students, feeling supported by faith communities and 

perceiving a sense of purpose or calling can reinforce confidence in career-related decisions, especially when 

they face external barriers or discrimination (Duffy & Lent, 2008). 

Overall, this evidence suggests that social support functions as a key contextual resource. It not only 

supplies information but also validates students’ aspirations, provides emotional reassurance, and offers con-

crete opportunities to practice decision-making. When such support is absent or inconsistent, students are 

more likely to doubt their capabilities and to experience career-related anxiety. 

 

Career Interventions 

A second line of research examines how structured career interventions influence students’ self-

efficacy. The reviewed studies include a range of programmes, such as career decision-making courses, 

workshops, group counselling, virtual experiences, and intensive camps (Glessner, Rockinson-Szapkiw, & 

Lopez, 2017). Most interventions adopt pre-test–post-test or quasi-experimental designs and report positive 

effects on career self-efficacy indicators (Van Raalte et al., 2017). 

Career courses that explicitly teach decision-making skills, provide information about educational and 

occupational options, and offer opportunities for guided reflection consistently lead to increases in career 

decision self-efficacy and reductions in career indecision (Grier-Reed & Skaar, 2010). For example, students 

who participate in semester-long courses or short modules that combine lectures, exercises, and individual 

counselling typically report greater confidence in their ability to identify goals, evaluate alternatives, and 

implement plans than those in control groups. Interventions that incorporate experiential components — such 

as role plays, group discussions, or structured exposure to professionals — appear particularly effective, as 

they provide mastery experiences and vicarious learning opportunities emphasised by SCCT (Grier-Reed, 

Skaar & Conkel-Ziebell, 2009). 

Shorter interventions, including workshops and virtual programmes, can also produce meaningful gains. 

Studies of online or technology-assisted interventions suggest that interactive exercises, personalised feed-

back, and scenario-based role modelling can enhance students’ confidence, especially when combined with 

opportunities to reflect on personal strengths and values (Cardoso, Janeiro, & Duarte, 2018). Career camps 

and intensive programmes, often targeting specific groups of students, show improvements in clarity of aspi-

rations and increased willingness to explore career options (Speight et al., 1995; Reese & Miller, 2006; 

Fouad, Cotter, & Kantamneni, 2009). However, some studies also note that the durability of these effects 

over time is not always assessed, and that follow-up measurements are needed to determine whether gains in 

self-efficacy are sustained (Komarraju, Swanson, & Nadler, 2014; Tansley et al., 2007). 

Taken together, the literature indicates that well-designed interventions can strengthen students’ career 

self-efficacy by providing structured environments in which they can practise decision-making, receive feed-

back, and see others successfully negotiate similar challenges. At the same time, the evidence base remains 

dominated by short-term evaluations and relatively homogeneous samples, leaving open questions about how 

to tailor interventions for diverse cultural and socio-economic contexts. 
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Socio-demographic factors 

The final group of contextual antecedents concerns socio-demographic and structural conditions that 

shape students’ career development. Studies focusing on social class, ethnicity, gender, and migration back-

ground show that career self-efficacy is not distributed evenly across student populations. Instead, it reflects 

broader patterns of opportunity and constraint (Jackson, Potere, & Brobst, 2006; Ojeda et al., 2012; 

Nadermann & Eissenstat, 2018). 

Research on ethnicity and acculturation, for instance, finds that students from minority backgrounds 

may face additional barriers that can weaken their self-efficacy, such as discrimination, limited access to role 

models in desired occupations, or conflicting expectations between family and host cultures (Bounds, 2017). 

At the same time, a strong sense of ethnic identity and positive cultural socialisation can act as protective 

factors, supporting resilience and promoting confidence in career decision-making (Lewis et al., 2017). 

Studies of acculturation processes suggest that as students become more familiar with the educational and 

labour market systems of the host country, their career self-efficacy tends to increase, although this 

relationship is shaped by the quality of support they receive (Nauta & Kahn, 2007; Metz, Fouad, & Ihle-

Helledy, 2009). 

Socioeconomic status (SES) and parental education also influence students’ beliefs about their career 

capabilities (Harlow & Bowman, 2016). Findings indicate that students from higher-SES families, or whose 

parents have completed higher education, generally report higher career decision self-efficacy, likely because 

they have greater access to information, networks, and financial resources (Huang & Hsieh, 2011). In con-

trast, students from lower-SES backgrounds may perceive more constraints and fewer viable options, which 

can dampen their confidence even when they have comparable abilities and aspirations (Metheny & 

McWhirter, 2013). Some studies show that targeted interventions and strong school support can partially 

compensate for these disadvantages, but they do not fully eliminate structural gaps (Suh & Flores, 2017). 

Gender differences are another recurrent theme. In several studies, female students report lower confi-

dence in their ability to pursue certain career paths, particularly in fields that are traditionally male-

dominated, despite having similar or higher academic performance. These patterns are linked to gendered 

expectations, stereotypes about occupations, and differential encouragement from teachers and parents 

(Scheye & Gilroy, 1994; Metz, Fouad, & Ihle-Helledy, 2009). Conversely, in some contexts male students 

report lower self-efficacy for pursuing careers that are perceived as less prestigious or less aligned with 

dominant masculine norms (Albaugh & Nauta, 2005). 

In summary, the reviewed studies highlight that contextual antecedents of career self-efficacy extend 

beyond immediate social support and formal interventions to include wider socio-demographic and structural 

factors. Family resources, community and cultural contexts, and gendered and ethnic inequalities all shape 

how students interpret their chances of success and the kinds of careers they consider attainable. Career self-

efficacy is therefore best understood as a product of ongoing transactions between individuals and their envi-

ronments, in which personal dispositions interact with the supports and barriers embedded in family, school, 

and society. 

 

Discussion 

This review set out to synthesise three decades of research on the antecedents of career self-efficacy 

among school and university students. Drawing on forty-eight empirical studies published between 1995 and 

2025, it examined how individual characteristics and contextual conditions shape students’ confidence in 

managing career-related tasks, such as exploring options, making decisions, and pursuing preferred path-

ways. Guided by SCCT, the analysis shows that career self-efficacy is not a fixed personal trait but a dynam-

ic belief system that develops at the intersection of personal dispositions, psychological resources, and the 

social and structural environments in which young people are embedded. 

The findings highlight two broad domains of antecedents. On the individual side, traits such as curiosi-

ty, persistence, openness to experience, and emotional stability are consistently associated with higher levels 

of career self-efficacy, whereas tendencies towards anxiety, low self-esteem, and pessimistic expectations 

undermine students’ confidence. Psychological resources, including emotional intelligence, self-esteem, and 

career adaptability, emerge as particularly important because they are malleable and can be strengthened 

through guidance and intervention. Perceptions of person-environment fit also play a critical role: students 

who experience congruence between their interests, values, and chosen fields of study report stronger beliefs 

in their ability to cope with career tasks and transitions. Together, these findings suggest that individual ante-
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cedents are best understood as a combination of relatively stable dispositions and more dynamic self-beliefs 

that can be shaped by experience. 

On the contextual side, the review demonstrates that social support, structured career interventions, and 

wider socio-demographic and structural conditions substantially influence students’ career self-efficacy. 

Supportive relationships with parents, teachers, counsellors, and peers provide encouragement, information, 

and role models that help students interpret their abilities and opportunities in a more positive way. Well-

designed career education and counselling programmes, including courses, workshops, and experiential ac-

tivities, tend to produce measurable increases in self-efficacy, especially when they offer mastery experienc-

es and opportunities for vicarious learning. At the same time, socio-economic disadvantage, limited parental 

education, discrimination, and gendered or ethnic stereotypes constrain students’ perceived options and can 

dampen confidence, even when academic ability is high. These patterns underscore that career self-efficacy 

is unevenly distributed and reflects broader structures of opportunity and inequality. 

Taken together, the evidence reviewed here reinforces a central insight of SCCT: students’ career be-

liefs are co-constructed through ongoing transactions between person and context. However, the findings 

also extend SCCT in several ways. First, they show that contextual supports and barriers are not simply 

background conditions but can be as proximal and powerful as individual traits in shaping self-efficacy, par-

ticularly for students from marginalised groups. Family resources, school climate, and community and cul-

tural supports emerge as active ingredients in the development of career self-efficacy rather than distant in-

fluences. Second, the review highlights the importance of psychological resources such as career adaptability 

and emotional regulation as mediating mechanisms between structural conditions and self-efficacy. These 

resources help explain why some students maintain confidence despite adversity, while others with similar 

abilities experience persistent doubt. 

The review also refines our understanding of developmental timing. Studies with younger adolescents 

suggest that early experiences of success or failure, initial clarity of interests, and parental encouragement 

during key educational transitions lay the groundwork for later self-efficacy beliefs. Research with university 

students shows that these beliefs continue to evolve as students encounter new demands, such as selecting 

majors, pursuing internships, or transitioning into the labour market. This developmental perspective sug-

gests that career self-efficacy should be conceptualised as a trajectory rather than a static outcome, with dif-

ferent antecedents becoming more or less salient at different stages. 

In terms of the broader literature, this review contributes by bringing together fragmented strands of re-

search on individual and contextual antecedents of career self-efficacy across secondary and higher educa-

tion. Existing studies often focus either on intra-individual variables, such as personality and self-concept, or 

on specific forms of support or intervention, such as parental encouragement or career courses. By integrat-

ing these strands within a single framework, the review shows that neither perspective is sufficient on its 

own. High levels of personal agency and adaptability cannot fully compensate for unsupportive schools or 

severe structural constraints, just as favourable environments may not translate into confident career deci-

sion-making if students lack basic psychological resources. A key implication is that theory and practice 

need to attend more explicitly to the interplay between individual and contextual factors, rather than treating 

them as separate domains. 

Finally, the review identifies several imbalances in the evidence base that shape its conclusions. The 

field remains dominated by cross-sectional survey studies with relatively homogeneous samples, often drawn 

from single institutions and middle-class backgrounds. Many interventions are evaluated only in the short 

term, and there is limited attention to how career self-efficacy develops among students who face intersect-

ing disadvantages related to class, gender, ethnicity, disability, or migration status. Addressing these gaps is 

essential if future research is to capture the full complexity of how young people construct and sustain beliefs 

about their career capabilities. 

Limitations and directions for future research 

Like any systematic review, this study has several limitations that should be acknowledged when inter-

preting its findings. These limitations also point to promising directions for future research on career self-

efficacy among school and university students. 

The first limitation concerns the scope of the evidence base. The review focuses on peer-reviewed jour-

nal articles published in English between 1995 and 2025. While this ensures a consistent quality threshold, it 

also introduces potential publication and language bias. Studies published in other languages, as well as dis-

sertations, reports, and conference papers, were not included and may contain additional evidence, particular-
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ly from non-Anglophone and low- and middle-income countries. Future reviews could broaden the range of 

sources and incorporate systematic searches in other languages to capture a more global picture of how ca-

reer self-efficacy develops in diverse educational systems. 

Second, the available research is heavily skewed towards cross-sectional, survey-based designs con-

ducted within single institutions. This limits the ability to draw causal inferences or to understand how career 

self-efficacy evolves over time. Few studies follow students across key educational transitions, such as mov-

ing from lower to upper secondary education, from school to university, or from higher education into the 

labour market. Longitudinal and multi-wave designs are needed to trace trajectories of career self-efficacy, 

identify critical periods of change, and examine how early experiences of support or constraint reverberate 

across later stages. Such designs would also allow researchers to test more complex SCCT-based models that 

include mediating and moderating processes. 

Third, although this review highlights the importance of contextual and structural factors, the empirical 

literature often treats variables such as socio-economic status, gender, ethnicity, and migration background 

as control variables rather than as focal constructs. As a result, the field still lacks a nuanced understanding 

of how intersecting disadvantages shape students’ opportunities to develop and sustain strong career self-

beliefs. Future research should place these dimensions at the centre of analysis, using intersectional and criti-

cal perspectives to explore how social class, gender norms, racialised experiences, and migration histories 

interact with school and family environments to produce differentiated patterns of career self-efficacy. This 

would help move the field beyond generic “one-size-fits-all” models. 

A related limitation concerns the limited geographical and cultural diversity of the existing studies. 

Much of the evidence comes from North America, Western Europe, and East Asian contexts, with relatively 

few studies conducted in the Global South or in countries undergoing rapid social and economic transfor-

mation. Yet educational systems, labour markets, and cultural norms around career and family responsibili-

ties differ substantially across regions. Comparative and cross-cultural research is therefore needed to exam-

ine whether the antecedents identified in this review operate similarly across contexts, or whether different 

constellations of individual and contextual factors shape career self-efficacy in different settings. Such work 

would also help refine SCCT by testing its assumptions in a broader range of cultural and institutional envi-

ronments. 

Finally, the synthesis presented here is shaped by methodological choices in coding and categorising the 

literature. Although a structured template was used to extract data and to group antecedents into individual 

and contextual domains, any thematic synthesis inevitably involves a degree of interpretive judgement. Some 

constructs could reasonably be placed in more than one category, and alternative coding strategies might 

yield slightly different thematic emphases. Future reviews could build on this work by focusing on more spe-

cific subtopics — for example, the role of career adaptability, the impact of parental involvement, or the ef-

fectiveness of particular types of intervention — and by triangulating quantitative meta-analyses with quali-

tative meta-syntheses. 

Despite these limitations, the review provides a coherent overview of what is currently known about the 

individual and contextual antecedents of career self-efficacy among school and university students. Address-

ing the gaps identified here — through more diverse samples, longitudinal and intersectional designs, rigor-

ous evaluations of interventions, and stronger attention to structural inequalities — would significantly ad-

vance theoretical understanding and support the development of more equitable and effective practices in 

career guidance and education. 

Conclusion 

This article has synthesised three decades of research on the antecedents of career self-efficacy among 

school and university students. By systematically reviewing forty-eight empirical studies published between 

1995 and 2025, it has shown that students’ confidence in managing career-related tasks arises from the inter-

play between individual traits and psychological resources on the one hand and social, institutional and struc-

tural conditions on the other. The evidence confirms a core premise of SCCT: career self-beliefs are not 

fixed attributes but dynamic constructions that emerge through ongoing person–context transactions. 

The review makes three main contributions. First, it consolidates a fragmented literature into an inte-

grated framework of individual and contextual antecedents of career self-efficacy. Individual factors include 

not only dispositional tendencies such as curiosity, persistence and emotional stability, but also malleable 

resources such as emotional regulation, self-esteem, career adaptability and perceived person–environment 

fit. Contextual factors span social support from parents, teachers, counsellors and peers; the design and de-
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livery of career education and counselling interventions; and socio-demographic and structural conditions 

linked to class, gender, ethnicity and migration background. Viewing these elements together underscores 

that strong personal agency is difficult to sustain in the absence of supportive environments, and that favour-

able contexts may not translate into confident decision-making if students lack basic psychological re-

sources. 

Second, the review refines SCCT-based understandings of career development for adolescent and 

emerging adult populations. It highlights that contextual supports and barriers often function as proximal de-

terminants of career self-efficacy, particularly for students facing structural disadvantage, and that psycho-

logical resources such as career adaptability and emotional regulation mediate the translation of structural 

conditions into self-beliefs and behaviour. It also emphasises the developmental nature of career self-

efficacy: early experiences of academic success or failure, transitions between educational stages and initial 

exposure to work and higher education all leave traces in students’ subsequent confidence and aspirations. 

Third, the review identifies critical gaps that limit current knowledge and provides a focused agenda for 

future research. Existing studies are dominated by cross-sectional survey designs conducted in a relatively 

narrow set of countries and often treat socio-economic status, gender, ethnicity and migration background as 

control variables rather than as central objects of inquiry. Addressing these limitations will require longitudi-

nal, intersectional and cross-cultural designs, as well as more rigorous and longer-term evaluations of career 

interventions. Such work is essential if research is to capture how career self-efficacy develops among stu-

dents who navigate complex and unequal educational and labour market systems. 

Overall, the review argues that efforts to enhance students’ career self-efficacy must operate on multiple 

levels: by strengthening individual psychological resources, by designing rich and inclusive learning and 

guidance environments, and by addressing structural barriers that constrain young people’s opportunities. 

For researchers, this implies moving beyond individualised models towards more contextually and critically 

informed accounts of career development. For practitioners and policy-makers, it points to the importance of 

aligning career education, guidance services and social policy so that all students — not only those with fa-

vourable starting positions — can develop the confidence needed to imagine, plan and pursue meaningful 

career pathways. 
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Abstract 
This paper examines how academic staff access and use e-books, and what features they expect from a future digi-

tal library platform. Based on survey results, the study reveals that most respondents rely on informal sources, while 

official databases are used less frequently. At the same time, there is strong demand for key functionalities such as ac-

cess to a wide collection of e-books, quiz generation, personalized recommendations, and tools for tracking student per-

formance. In addition, the paper provides a comparative review of existing platforms—Perlego, QuizBot, Bookmate, 

Khan Academy, and Scopus—highlighting both their strengths and limitations, particularly with respect to language 

support and integration. Taken together, the survey findings and platform analysis underscore the need for a unified 

adaptive platform that connects publishers, libraries, and users, thereby enhancing accessibility, interoperability, and 

effectiveness in digital learning. 

Keywords: E-books; digital library platforms; adaptive learning; personalization; interoperability; accessibility 

 

Introduction 

Library automation has improved in accuracy and efficiency via the application of artificial intelligence 

techniques. The concept of implementing intelligent library systems to replace conventional ones started to 

take shape around 1990. Libraries employ intelligent systems that use data analysis to deliver knowledge and 

information services to patrons. These systems, which serve as an addition to the primary library complex, 

may make well-informed judgments about where to look for and how to use information resources 

(Asemi, A et al. 2021). 

Teaching and learning methods at all levels of the academic system have changed as a result of the re-

cent, sharp acceleration of the digital revolution in education. At the center of this transition are digital plat-

forms and e-books, which have become crucial instruments for enhancing access to educational materials 

and fostering more flexible, personalized and interactive learning (Schmidt, J. T., & et al. 2020). The broad 

trend toward a move to digital techniques intended to enhance the caliber and accessibility of academic in-

formation is reflected in their growing adoption by universities, instructors, and students. 

E-book platforms have become essential in higher education, where prompt access to relevant learning 

resources is critical. They provide educators with tools to better promote student engagement, allow institu-

tions to improve resource distribution, and allow learners to connect with information in a more dynamic 

way (Du Plooy, E. et al., 2024). Platforms that provide creative, flexible, and integrated learning solutions 

are becoming more and more necessary as the need for intelligent educational technology rises. 

The adoption of automated library systems intersects with broader questions of public policy and man-

agement. The governance of digital knowledge infrastructures requires balancing efficiency with principles 

of equity and inclusivity, ensuring that technological change does not deepen information gaps among differ-

ent groups of users (Wang, 2024). Libraries are increasingly positioned as public institutions that support 

national and institutional strategies for digital inclusion, making their automation initiatives subject to policy 

frameworks around access, funding, and accountability (Ciancarini, Giancarlo, & Grimaudo, 2023). Deci-

sions about licensing agreements with commercial e-platforms also reflect management challenges related to 

transparency, sustainability, and the negotiation of public–private partnerships. These considerations empha-

size that intelligent platforms are not only tools for enhancing educational services, but also key components 
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of public information policy and organizational governance. Embedding them within coherent regulatory and 

managerial structures is therefore critical to ensuring their long-term effectiveness and public value. 

This article presents a comprehensive analysis of the technical specifications and functional capabilities 

of leading e-platforms, including Perlego, QuizBot, Bookmate, Khan Academy, and Scopus. The study aims 

to identify the key features, strengths, and limitations of each platform in terms of their technological imple-

mentation and user experience. Special attention is given to evaluating the applicability of these platforms in 

the development of an adaptive system for integrating publishing resources with library infrastructures. The 

analysis highlights the potential of leveraging electronic publishing technologies and artificial intelligence to 

enhance access to educational and research content. The findings provide a foundation for future develop-

ment of intelligent library services. 

Literature Review 

Integration of AI to e-library systems results in various benefits, the most important of which is in-

creased efficiency (Oyetola et al., 2023). However, it does not come without concerns, such as job losses and 

disruptions of service flow (Ali et al., 2022). Successful integration of AI requires more than just having the 

right technology. It also involves selecting appropriate practical solutions, addressing algorithmic bias, en-

suring ethical use, and establishing clear policies for AI implementation. 

In academic and digital library environments, where AI is increasingly seen as a transformational tool 

for improving service delivery and user engagement, recent research has shed further light on these process-

es. For example, a comparison of AI strategies in academic libraries in mainland China and the United King-

dom shows glaring disparities in adoption: Chinese universities usually highlight AI in their vision state-

ments, emphasizing the development of new majors and research initiatives in AI technologies, whereas UK 

university strategies hardly ever mention AI explicitly (Huang et al., 2023). With Chinese libraries more ag-

gressively deploying “smart” or “intelligent” systems, this disparity demonstrates how national goals impact 

AI integration. In contrast, UK libraries lag in strategic priority, which may restrict their flexibility in digital 

settings. 

Adding to this, empirical research conducted among Polish university librarians using Delphi methods 

presents AI primarily as a helpful tool rather than a partner or enemy. Experts concur that AI is useful for 

tasks like indexing, literature reviews, and collection management, but they are hesitant to use it for complex 

information advising because of concerns about information quality and result verification (Kisilowska-

Szurmińska, 2025). In order to reduce biases and promote favorable attitudes toward adoption, the study em-

phasizes the necessity of developing librarians’ critical thinking and ethical judgment skills as well as their 

AI literacy. Similar to this, a SWOT analysis of AI applications in Pakistani university libraries finds that 

while there are opportunities for increased user personalization, the risks of job displacement outweigh the 

advantages (such as better automation in cataloging and reference services), while also highlighting infra-

structure limitations, funding shortages, and ethical concerns like data privacy (Ali et al., 2024). These re-

sults are consistent with larger patterns in which societal concerns limit AI’s ability to automate repetitive 

jobs, highlighting the need for ethical frameworks and employee training to promote fair adoption. Addition-

ally, a study on librarian acceptance of AI in Islamabad’s academic libraries, using the Technology Ac-

ceptance Model, found that perceived interactivity and usefulness significantly influence attitudes toward AI, 

while ease of use has minimal impact, suggesting the need for awareness programs to boost adoption 

(Hussain, 2025). 

By offering tailored recommendations that suit user interests and habits, artificial intelligence (AI) has 

been crucial in the field of recommendation systems, helping users overcome information overload. On a 

dataset of 5,000 academic abstracts, a prototype AI-driven framework that combined machine learning (ML) 

and natural language processing (NLP) for semantic search in digital libraries showed better performance, 

attaining 87 % precision and 85 % recall as opposed to 68 % and 64 % for conventional keyword-based 

methods, while increasing user satisfaction by 35 % (Mahadi et al., 2025). While issues like computing costs 

and data quality dependence present obstacles for smaller institutions, the system’s adaptive ranking and 

feedback loops demonstrate how hybrid AI models may improve suggestions over time. In addition, senti-

ment analysis and topic modeling of new developments in library and information science show that people 

have favorable opinions about AI-powered recommendation systems. Themes highlight personalized book 

recommendations and RFID-enabled cataloging as ways to improve user engagement and resource efficiency 

(Rajeevan et al., 2025). As discussed in Library 5.0, where AI allows personalized material suggestions 
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based on user data, such systems not only encourage chance discovery but also facilitate multidisciplinary 

access, transforming libraries from static archives to dynamic, intelligent ecosystems (Noh, 2023).  

Studies supporting transformer-based models like BERT to enhance query comprehension and incorpo-

rate knowledge graphs for multilingual support highlight AI’s potential for personalization in digital librar-

ies. This enhances recommendation accuracy and inclusivity (Mahadi et al., 2025). Initiatives like Europe-

an’s AI implementations for discoverability serve as examples of how AI recommendation tools are becom-

ing more and more integrated into collection development policies in academic settings, which are moving 

toward digital-first strategies that use machine learning to improve metadata and provide user-centric rec-

ommendations (Hasan & Panda, 2025). However, ethical issues like algorithmic bias in suggestions that can 

maintain disparities in resource access must be addressed in light of these developments. Additionally, a 

bibliometric study of 354 papers published between 2010 and 2023 reveals important trends in AI for aca-

demic libraries, including chatbots and machine learning, with a spike in production after 2015 and a focus 

on intelligent systems, exposing ethical and collaborative gaps (Islam et al., 2025). 

Though there aren’t much research specifically on the subject, AI techniques are becoming increasingly 

important for assessing user advancement and institutional effectiveness in educational libraries. In line with 

evaluation frameworks to provide formative feedback and resource optimization, broader analyses show that 

AI can enable real-time analytics and predictive modeling for borrowing patterns (Scott & Ward, 2025). AI 

literacy tests, for example, indicate gaps in librarians’ readiness in higher education settings; surveys indicate 

that librarians’ self-rated abilities are modest, and training in ethical evaluation of AI outputs is recommend-

ed to guarantee objective evaluations (Lo, 2024). When combined with platforms like QuizBot, these tech-

niques allow for compliance with educational standards like Bloom’s taxonomy, including progress monitor-

ing and individualized quizzes. However, human control is necessary to reduce biases and hallucinations in 

created material. To elaborate, the AILIS 1.0 framework assesses AI literacy in library and information sci-

ence, identifying fundamental aspects such as Functioning, Ethics, and Evaluation. Professionals outperform 

students in this framework, underscoring the necessity of focused training to address overestimation of com-

petencies (Montesi et al., 2025). 

AI-related ethical concerns in libraries have drawn more attention recently, with research identifying 

prejudice, privacy violations, and transparency as the main challenges. A Delphi survey highlights librarians’ 

concerns about job loss and dehumanization, and it calls for ethical standards that give human supervision in 

AI implementations first priority (Kisilowska-Szurmińska, 2025). Similar to this, SWOT studies in Pakistani 

contexts highlight ethical conundrums such as data permission and the effects on society’s privacy as threats, 

calling for laws promoting responsible AI usage (Ali et al., 2020). The necessity for equitable techniques is 

emphasized by broader evaluations of AI ethics in libraries, with bibliometric analyses revealing a spike in 

publications from 2020–2025 that concentrate on global consequences, such as psychological hazards and 

environmental repercussions (Qiu et al., 2025). The integration of AI in Uzbekistan’s higher education poses 

questions about cultural adaptation and legal frameworks, suggesting standards for moral governance to 

strike a balance between innovation and equality (Khudayberganovna et al., 2025). Together, these observa-

tions highlight how crucial it is for libraries to provide explicit ethical guidelines, carry out bias assessments, 

and make retraining investments in order to capitalize on AI’s advantages while preserving user confidence 

and inclusion. 

Moreover, explorations of ChatGPT in library services reveal high awareness and usage for customer 

service (86.67 %) and research assistance (58.67 %), but privacy (65 %) and ethical concerns (60 %) persist, 

supporting integration with ethical safeguards (Patra et al., 2025). Similarly, generative AI demonstrates 

strong potential to enhance access services through personalized learning and efficient circulation manage-

ment, yet risks such as bias and workforce displacement necessitate comprehensive planning and staff train-

ing (Boateng, 2025). 

All things considered, research from 2020 to 2025 presents AI as a two-edged sword in e-library sys-

tems: a driver of effectiveness, customization, and adaptive services, but also rife with moral, practical, and 

human-centered issues. Future advancements should put an emphasis on user-centered designs, collaborative 

frameworks, and multilingual assistance in order to construct integrated platforms that improve equality and 

accessibility in academic settings. Best practices should be informed by these varied worldwide viewpoints. 

Methodology 

To better understand how academic teaching staff in Almaty universities use electronic resources and 

what functions they would like to see in an AI-based e-library system, we carried out an anonymous survey. 
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The questionnaire was designed in such a way that it did not collect demographic information such as gen-

der, age, university affiliation, or academic rank. This decision ensured maximum anonymity but also limited 

the possibility of subgroup analysis and assessment of representativeness. The focus of the study was specif-

ically on the practices and expectations of university teaching staff. The survey asked about the most im-

portant features of e-book platforms, such as access to content, ease of use, integration with university sys-

tems, and interactive learning tools. In total, 114 people took part in the survey, and after data cleaning, 66 

complete responses were included in the analysis. 48 responses were excluded because they were incomplete 

or inconsistent. These responses lacked answers to key sections required for analysis (e.g., methods of access 

and evaluation of platform functionality). To ensure comparability and reliability of the dataset, only 66 

complete and coherent responses were included in the final analysis. 

An online questionnaire was used to collect data, designed to study practices of e-book usage and to 

identify requirements for the functionality of intelligent library platforms. The questionnaire included both 

closed and open-ended questions, which allowed for gathering both quantitative and qualitative information. 

The structure of the survey consisted of several blocks. The first block contained questions about the 

language of the survey, the intensity of e-resource use compared to printed editions, and the channels of ac-

cess to digital materials (university subscriptions, open internet resources, commercial platforms, etc.). The 

second block focused on the evaluation of basic and advanced e-library functions: interface usability, content 

search, offline access, support for various formats, annotation and bookmarking, as well as integration with 

learning management systems. 

The third block included questions about perceptions of innovative features such as automated quizzes, 

personalized recommendations, and simulation tools. The final part of the questionnaire consisted of open-

ended questions, allowing respondents to specify the most valuable functions, possible challenges, and addi-

tional suggestions. 

This structure of the instrument made it possible to obtain comprehensive data on current practices and 

user expectations, providing a foundation for further analysis and the development of recommendations for 

designing AI-oriented e-library systems. 

Today there are many digital platforms that provide access to educational and research content. They 

differ in their focus, functions, and business models, but all of them try to make learning more convenient 

and engaging. Below are several examples that are most relevant for our project. 

Perlego is often called the “Spotify for textbooks.” It gives users unlimited access to more than one 

million academic and professional books. The platform includes useful study tools such as highlighting, 

notes, bookmarks, and automatic citations. A special feature is the AI-powered Smart Search and a Research 

Assistant that helps students and researchers work more effectively. Perlego works on different devices and 

supports offline reading. 

Access is based on a subscription: $18 per month or $144 per year. For institutions, there are special 

packages with administrative tools and integration with learning systems. The main limitation is that the plat-

form does not yet support the Kazakh language. 

Perlego’s business model is subscription-based. The service offers two plans: monthly for $18 and an-

nual for $144 (equivalent to $12 per month). For institutions, there are special packages with administrative 

tools and integration with learning systems. This model provides users with full access to an extensive aca-

demic library without the need to purchase individual books, increasing accessibility and ease of use. 

Perlego’s institutional business model is subscription-based and offers two tiers: 1)) up to 100 users—the 

standard package offers instant registration through the website, access to over a million titles, personalized 

reading and research tools, and administrative management. 2) For more than 100 users—customized pricing 

with enhanced support (dedicated manager, training webinars, integration with university systems, and prior-

ity support).  

Registration is possible via links, email invitations, auto-accounts, and LTI (Learning Tool Interopera-

bility), ensuring seamless integration. This model makes access to academic resources scalable and adaptable 

to the needs of educational institutions (Perlego, 2024). 

Bookmate is a subscription service for e-books and audiobooks. Its catalog includes over 1.8 million ti-

tles in 16 languages. One of its main features is social reading: users can follow friends, share quotes, and 

recommend books. The service also offers personalized book suggestions and offline access on different de-

vices. 

Bookmate’s business model is built on a tiered subscription. A free account provides access to a com-

prehensive library of public domain works, a standard subscription expands the selection of e-books and au-
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diobooks, and a premium plan provides full access to the library, including new bestsellers and exclusive 

content. This system allows users to tailor their spending to their personal reading habits. 

To expand its reach, Bookmate is developing partnerships with mobile operators and equipment manu-

facturers, such as Kcell (Kazakhstan), Indosat (Indonesia), StarHub (Singapore), Azercell (Azerbaijan), and 

Tigo (Latin America). These agreements ensure app pre-installation and payment via operator bills. Further-

more, a multilingual catalog and compatibility with various devices make the platform attractive to educa-

tional institutions seeking to digitalize their educational materials. 

Thus, the combination of a subscription model and strategic partnerships allows Bookmate to position 

itself as an accessible and flexible tool for a global audience. 

Quizbot.ai is designed to help teachers and students create and use quizzes. The system uses artificial 

intelligence to generate different types of questions (multiple-choice, true/false, fill-in-the-blank, and others). 

It can work with various sources, such as PDFs, videos, or websites, and export quizzes to LMS platforms 

like Moodle or Canvas. Quizbot.ai also has plagiarism detection, grammar correction, and tools for tracking 

student progress. 

The platform works on a subscription model, with a free trial and several paid plans. It is flexible and 

scalable, but like Perlego and Bookmate, it does not yet support Kazakh. 

Quizbot.ai’s business model is subscription-based. The platform offers a free trial with a limited num-

ber of questions and several paid plans that include advanced features, such as plagiarism checking, an AI 

editor, and tools for identifying AI-generated content. This model allows users to choose the optimal option 

for both personal and institutional use. 

For educational institutions, Quizbot.ai is attractive due to its integration with LMS, multilingual sup-

port, and the ability to create differentiated assessments. These features make the platform a useful tool for 

improving testing systems and enhancing the quality of the educational process. 

Khan Academy is a free educational platform that provides courses in many subjects, from math and 

science to economics and history. Lessons are presented in short video lectures and interactive exercises. The 

system adapts to the level of each learner, and teachers and parents can monitor progress through dash-

boards. Gamification elements (badges, points) are also used to keep students motivated. The strengths of 

Khan Academy are accessibility and adaptiveness. However, advanced university-level content is limited, 

and live tutoring is not available. 

Khan Academy operates on a non-profit, open-access model: all content is provided free of charge, and 

funding is provided through grants, donations, and partnerships. This model makes education as accessible as 

possible but limits the development of paid services. 

Scopus is one of the largest databases of academic publications. It covers more than 78 million publica-

tions and provides detailed author profiles and citation metrics (h-index, CiteScore, etc.). Researchers use it 

to track trends, analyze literature, and identify reliable journals for publication. Scopus also integrates with 

many external systems and offers strong visualization tools. The main drawback is the high subscription cost 

and lack of Kazakh language support. 

Scopus operates on a subscription model (B2B): universities, research organizations, and libraries pur-

chase access to the database through a license. Revenue is generated through institutional subscriptions, but 

the high price limits access for individual researchers and organizations with limited budgets. 

Results 

As previously mentioned, after cleaning the data and removing incomplete questionnaires, we had 66 

respondents left. In the multiple-choice question, they made a total of 99 selections (clicks), which reflects 

the distribution of access methods to e-books. The majority indicated that they download PDF books from 

various websites — 64 selections, while fewer reported accessing e-books through the university’s subscrip-

tion to a paid database — 17 selections. Only a small number mentioned buying or renting from publishers’ 

websites — 8 selections, or from platforms such as Amazon and others — 10 selections. This shows that 

most participants rely on informal sources, with official access channels used much less frequently. The chart 

presented in Figure 1 clearly illustrates which channels of accessing e-books are the most common and 

which are used less frequently. 
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Figure 1. Methods of Accessing E-books 
Note — compiled by authors 

 

In Figure 2, the bar chart illustrates the demand for different potential functionalities of the platform, 

with all ratings indicating consistently high interest, ranging from 8.67 to 9.23 on a ten-point scale. The most 

significant feature identified by the respondents is access to a library of electronic books (9.23), which 

would provide a wide selection of e-books from various publishers. High demand is also observed for quiz 

generation for students (8.86) and personalized reading recommendations (8.86), reflecting the im-

portance of tools that both assess students’ understanding and support individualized learning pathways. 

Slightly lower, though still highly valued, is the functionality of uploading course learning results and re-

source recommendations (8.85), enabling the integration of learning outcomes with relevant e-book sug-

gestions. Respondents also expressed considerable interest in student performance analysis (8.74), offering 

insights into progress and achievement, and in textbook content suggestions for publishers (8.67), where 

course results could inform the creation of more relevant educational materials. Overall, the chart demon-

strates a comprehensive demand for such a platform, as respondents expect it to provide not only broad ac-

cess to resources but also advanced tools for analysis and personalization of the learning process. 

 
Figure 2. Demand for Platform Functionalities 

Note — compiled by authors 
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Below in Table 1 Comparative summary of existing platforms is presented and highlights the unique 

strengths of each platform: Perlego emphasizes academic content with AI-powered search and study tools, 

though its coverage of non-English or region-specific materials may be limited; QuizBot provides adaptive 

testing and assessment capabilities, but its effectiveness depends on question quality and algorithm accuracy; 

Khan Academy delivers large-scale, free learning through adaptive pathways, yet it lacks specialized aca-

demic resources for advanced research; Scopus offers advanced analytics and citation tracking for research, 

although access requires costly subscriptions and not all journals are included; and Bookmate stands out with 

its multilingual catalog and strong social and mobile features, but it is less academically oriented and may 

not fully support scholarly research needs. 

 
Table 1. Comparative Summary 

# Platform Learning 

content 

Research 

Indexing 

Personaliza-

tion 

AI tools Gamificati

on 

 

Integration to 

other services 

Limitations 

1 Perlego Yes (aca-

demic 

books) 

No Yes Yes No Limited Does not support 

Kazakh language 

2 Quizbot Yes (quiz-

zes, assess-

ment) 

No Yes Yes Partial No Does not support 

Kazakh language 

3 Khan 

Academy 

Yes (K-12 

prep) 

No Yes No info Yes Yes - limited options for 

advanced courses; 

- support for Ka-

zakh language only 

subtitles 

4 Scopus No Yes No Partial No Yes Does not support 

Kazakh language 

5 Bookmate Yes (e-

books, audi-

obooks) 

No Yes No info Social Moderate Does not support 

Kazakh language 

Note — compiled by authors  

 

In exploring successful digital education tools, three platforms—Perlego, Bookmate, and Quizbot.ai—

offer useful models for scalable and user-friendly access to educational content. 

Perlego positions itself as an academic-focused e-library. With over one million textbooks available 

through a monthly or yearly subscription, it caters to both individual learners and institutions. Features like 

AI-powered search, offline reading, and integrated note-taking make it ideal for academic use. For institu-

tions, Perlego offers scalable subscription models, administrative tools, and LTI-based integration for seam-

less adoption into learning environments. 

Bookmate, by contrast, emphasizes accessibility and engagement. Its library includes over 1.8 million 

eBooks and audiobooks in 16 languages. The platform supports social reading and personalized recommen-

dations, aiming to make reading a community-driven, mobile-first experience. Bookmate also partners with 

mobile operators and educational institutions to expand its reach, offering flexible plans to suit different 

reader profiles. 

Quizbot.ai is a different kind of tool—AI-driven and focused on assessment creation. It generates di-

verse question types from various content formats and aligns them with Bloom’s taxonomy. With multilin-

gual support and LMS integration (e.g., Moodle, Canvas), Quizbot is designed for global educational use. Its 

subscription model ranges from a limited free trial to paid plans with advanced AI features and institutional 

support options. 

Together, these platforms demonstrate how digital education tools can combine content breadth, user-

centric design, and institutional scalability. Their diverse approaches to content delivery and monetization 

offer valuable insights for developing flexible, modern learning ecosystems. 

These platforms illustrate a range of approaches to digital content delivery and educational support. 

While Perlego emphasizes academic resources and institutional scalability, Bookmate combines reading with 

social engagement and multilingual access, and Quizbot.ai focuses on AI-driven content generation and as-

sessment tools. Each platform’s business model reflects a growing demand for flexible, user-centric, and 
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scalable solutions in digital education, offering important insights for the design of future adaptive learning 

platforms. 

Currently, the publishing industry’s business model in Kazakhstan is primarily based on selling printed 

publications, which generate the bulk of revenue. Electronic resources are also available on the market. 

However, their distribution is primarily limited to the institutional segment: large universities purchase ac-

cess to digital libraries to support their students and faculty. This approach creates a relatively narrow market 

for digital solutions and does not reach a broad audience of individual users. 

A promising model could include expanding e-book subscriptions to a broader range of universities and 

developing personalized services for end users. Introducing adaptive features, integration with educational 

platforms, and improved user-friendliness could generate sustainable interest in electronic publications. Such 

a transformation would not only stimulate growth in the digital resource segment but also ensure a gradual 

shift toward a hybrid use of print and electronic formats. 

One promising approach is pay-per-use pricing for e-books with revenue sharing. If the project scales 

up to the CIS, co-financing options are possible. A key prerequisite for the success of this model will be on-

going technical support and an analytics system: data on book usage is necessary for fair profit distribution 

and assessing content demand. 

Recommendations and Development Steps 

Author Engagement — Incentivize textbook creation through revenue sharing mechanisms, grant sup-

port, and partnerships with universities. 

Focus on Digital Format — Develop functionality that increases interest in e-books: interactive ele-

ments, quizzes, and analytics for students and teachers. 

Technical Support — Built-in content integration and maintenance services to compensate for the lack 

of IT resources 

Analytics System — Transparent accounting of book usage will form the basis for trust and fair revenue 

distribution. 

Regional Development — From the early stages, it is important to consider the requirements and specif-

ic features of different CIS countries for future expansion. 

Conclusion 

The survey results demonstrate that electronic resources already occupy a significant place in the aca-

demic practices of university staff. However, most respondents continue to rely on informal access channels, 

while official institutional subscriptions remain insufficiently used. At the same time, there is a clear and 

steady demand for advanced functionalities—comprehensive e-libraries, automatic quiz generation, person-

alized recommendations, and analytical tools—that could support both teaching and research activities. This 

points to the necessity of developing an integrated digital platform capable of combining wide content access 

with intelligent educational services. 

A comparative overview of platforms such as Perlego, Quizbot.ai, Khan Academy, Bookmate, and 

Scopus reveals that the market offers a wide range of technological approaches. Each platform has distinct 

strengths: some emphasize academic rigor and research metrics (Perlego, Scopus), while others focus on user 

adaptability and accessibility (Quizbot, Bookmate). Despite these differences, the convergence around in-

teroperability, personalization, and intelligent support systems emerges as a general trend. At the same time, 

existing limitations—lack of support for Kazakh language, partial integration with local educational systems, 

and incomplete content coverage—remain significant barriers. 

In the context of Kazakhstan, the publishing industry still relies mainly on sales of printed publications, 

which generate the largest share of revenue. Electronic resources are present, but their distribution is largely 

confined to institutional subscriptions purchased by major universities. This approach restricts the digital 

market and leaves individual users outside its scope. A more promising direction could be the expansion of 

subscription access to a wider range of universities, coupled with the development of personalized services 

for end users. Such steps would not only broaden the audience for digital content but also foster a gradual 

transition to a hybrid system where print and electronic formats complement each other. 

An additional factor for sustainable development is the adoption of new business models. Pay-per-use 

mechanisms with revenue sharing between publishers and platform providers appear particularly viable. If 

scaled to the CIS region, such models could be supported by co-financing schemes. However, their success 

will depend on constant technical support and the establishment of transparent usage analytics, which are 

essential both for fair distribution of income and for evaluating the demand for content. 
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Taken together, the findings of this study underscore the urgent need for a unified adaptive platform 

that would bring together publishers, libraries, and learners. Its effectiveness will depend on AI-powered ser-

vices, multilingual functionality, and reliable long-term technical maintenance. The implementation of such 

infrastructure can help overcome current fragmentation, improve accessibility, and contribute to the modern-

ization of Kazakhstan’s publishing sector in line with international trends in higher education.  
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Abstract 
We compared seven forecasting models to predict student enrollment in Kazakhstan’s schools using data from 2020-

2024. We tested cohort component models, cohort survival models, trend regression with demographic factors, linear 

trend models, exponential smoothing, multi-factor regression, and weighted moving averages across 20 regions (17 

regions and 3 cities) with about 3.9 million students. We measured how accurate each model was using Mean Absolute 

Percentage Error (MAPE). We trained models on 2020-2023 data and tested them on 2024 numbers. The linear trend 

model worked best, with 0.70 % MAPE nationally and 0.77 % MAPE across regions. Demographic models didn’t work 

as well—cohort models did poorly at the regional level even though they have good theory behind them. Our forecasts 

for 2025-2027 show national enrollment growing from 3.9 million to 4.2 million students, but growth varies a lot by 

region. Big cities like Astana will grow 24.05 % and Almaty 12.81 %, while some regions will barely grow at all. Our 

results help educational planners pick the right forecasting methods for different areas. This study fills a research gap 

for post-Soviet countries where detailed forecasting evaluations are hard to find. 

Keywords: student enrollment forecasting, educational planning, demographic modeling, time series analysis, Kazakh-

stan education system, regional analysis. 

 

Introduction 

Accurate forecasting of student enrollment is one of the basic challenges facing educational systems 

worldwide. Educational planners need reliable projections to make sure that infrastructure, teaching staff, 

and financial resources can meet future demand. This challenge is especially difficult in developing countries 

where demographic transitions, internal migration, and rapid urbanization create complex planning environ-

ments. Kazakhstan’s educational system shows these complexities well. The country currently serves about 

3.9 million students across 21 major administrative units in a vast and diverse territory. Recent demographic 

trends have created different pressures: birth rates are declining in some regions while major urban centers 

see population growth. Meanwhile, large-scale internal migration from rural to urban areas—particularly 

toward cities like Astana, Almaty, and Shymkent—makes enrollment projections even harder. 

The stakes of accurate enrollment forecasting go well beyond simple planning exercises. Enrollment 

projections directly affect decisions about teacher recruitment and deployment, school construction and ren-

ovation programs, budget allocations, and broader educational policy. When forecasts are wrong, the conse-

quences can be serious. Underestimating future enrollment leads to overcrowding and lower educational 

quality, while overestimating wastes public funds and creates inefficient resource allocation. Despite how 

important enrollment forecasting is, surprisingly little research has carefully evaluated different forecasting 

methods using complete data from Kazakhstan’s educational system. Most existing studies either focus nar-

rowly on single methods or lack enough historical data to properly test model performance. Moreover, Ka-

zakhstan’s unique characteristics—its linguistic diversity, varied settlement patterns, and recent administra-

tive reforms—require specialized analytical approaches that may not transfer directly from other contexts. 

This study aims to compare the performance of seven different forecasting models for predicting total 

student enrollment across Kazakhstan’s regional educational system. We work with a complete dataset cov-

ering 21 territorial units over five years from 2020 to 2024, including demographic indicators, enrollment 

statistics, migration patterns, and educational infrastructure characteristics. Our specific goals are fourfold: 

first, we check whether demographic-based models or statistical time series approaches give more accurate 

enrollment forecasts; second, we identify which methods work best at different territorial levels from nation-

al to regional scales; third, we generate validated forecasts for 2025-2027 to support practical educational 
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planning; and fourth, we analyze regional variations in enrollment patterns and consider what they mean for 

resource allocation strategies. 

This research contributes through systematic application of multiple forecasting methods to a complete 

regional dataset, offering evidence-based guidance for educational planners and policymakers. The study 

addresses a significant research gap by providing real-world validation of model performance within Ka-

zakhstan's distinctive educational and demographic context. 

Literature Review 

School enrollment forecasting has become essential for educational planning worldwide. It helps poli-

cymakers anticipate infrastructure needs, allocate resources efficiently, and ensure access to education. Fore-

casting methods have evolved with technological advances, but developing countries have shown creativity 

in adapting these methods to environments where data is limited. Despite growing research in this field, cer-

tain regions—particularly post-Soviet countries—remain underrepresented in the literature, pointing toward 

significant opportunities for investigation. 

Time Series Models: Foundation of Enrollment Forecasting 

Time series models are the foundational approach to enrollment forecasting, offering solid methods for 

capturing temporal patterns in educational data. Tang and Yin (2012) established exponential smoothing’s 

relevance in the United States by comparing it with grey prediction models for forecasting education ex-

penditure and enrollment. They found that grey models showed higher accuracy, though exponential smooth-

ing remained valuable as a baseline. Chen (2022) found different results in China, where exponential 

smoothing actually outperformed grey prediction, ARIMA, and neural network models in forecasting en-

rollment proportions. These contrasting results show how model performance varies significantly across dif-

ferent national contexts. 

The ARIMA methodology has proven versatile in addressing forecasting challenges across both devel-

oped and developing nations. Marinoiu (2014) successfully applied the Box-Jenkins methodology to develop 

an ARIMA model for forecasting gross enrollment ratio in Romanian primary schools, projecting concerning 

declines. Kornelio et al. (2024) used ARIMA models in Tanzania to project significant enrollment increases 

in government primary schools. Chen et al. (2021) extended to ARIMAX models incorporating exogenous 

variables to analyze student-teacher ratios in China’s primary education system. Yan (2024) applied Vector 

Autoregression models to analyze the decline of rural primary schools in China, revealing how urbanization 

patterns impact educational infrastructure. The comparative effectiveness of these time series approaches 

shows a crucial finding: no single method dominates across all contexts, making careful consideration of lo-

cal conditions essential. 

Machine Learning and Artificial Intelligence Approaches 

The integration of machine learning techniques into enrollment forecasting represents a shift from tradi-

tional statistical methods, offering better capabilities for capturing complex, non-linear patterns. James 

(2021) pioneered the use of Long Short-Term Memory networks at Kansas State University, finding that the-

se deep learning models significantly outperformed both traditional exponential smoothing and standard 

deep neural networks. Support Vector Machines have emerged as powerful tools when multiple influencing 

factors must be considered simultaneously. Aksenova et al. (2006) demonstrated this at California State Uni-

versity, Sacramento, where SVM models incorporating demographic variables, income levels, tuition fees, 

and unemployment rates achieved remarkable accuracy. 

Hybrid intelligent systems mark the current frontier in machine learning applications. The Adaptive 

Neuro-Fuzzy Inference System, as applied by Aji et al. (2023) in Indonesia, combines the learning capabili-

ties of neural networks with the interpretability of fuzzy logic systems. Shafii et al. (2021) applied fuzzy time 

series models in Malaysia, achieving the highest accuracy for primary school enrollment. The democratiza-

tion of machine learning tools has also facilitated innovative applications in resource-constrained environ-

ments. Sahane et al. (2014) used data mining techniques with accessible tools in India’s Aurangabad district, 

demonstrating that sophisticated analytical capabilities can be deployed even in contexts with limited tech-

nical infrastructure. 

Spatial and Geographic Information Systems Models 

The incorporation of spatial dimensions into enrollment forecasting acknowledges the fundamentally 

geographic nature of educational access and demand. Geographic Information Systems have changed the 

field by enabling planners to visualize and analyze the spatial distribution of student populations alongside 

school infrastructure. Langley’s (1997) pioneering work in Leeds, United Kingdom, established the founda-
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tion for spatial modeling in educational planning. Haynes (2014) applied spatial Bayesian modeling to en-

hance small-area enrollment projections in Iowa, improving the accuracy of grade progression rates while 

accounting for geographic dependencies and migration patterns. 

Miller (2008) implemented the Integrated Planning for School and Community model in Wake County, 

North Carolina, demonstrating how GIS-based approaches can align educational infrastructure development 

with urban planning. The Greater London Authority’s (GLA Intelligence, 2018) school place demand projec-

tions illustrated how spatial modeling can inform strategic infrastructure decisions in complex urban envi-

ronments. Wang et al. (2023) extended spatial methodologies for China’s new urban districts by incorporat-

ing micro-level factors such as residential location and dwelling type, addressing overcrowding through op-

timized space utilization. 

Demographic and Cohort-Based Approaches 

Cohort-survival methods represent the traditional backbone of enrollment forecasting, particularly in 

contexts with stable demographic patterns. Braden et al. (1972) established the cohort-survival technique as 

the gold standard for communities with predictable population dynamics. Pajankar and Srivastava’s (2019) 

Reconstructive Cohort Approach for India demonstrates how traditional cohort concepts can be modified for 

contexts where detailed enrollment data is unavailable, requiring only population figures, repetition rates, 

and transition rates. 

Fabricant and Weinman (1972) applied least squares regression to forecast first-grade enrollment in 

New York neighborhoods, incorporating variables such as new housing developments, busing policies, and 

ethnic composition. Grip and Grip’s (2019) comparative analysis of confidence intervals and stochastic fore-

casting using Monte Carlo simulations for New Jersey school districts represents methodological advance-

ment, emphasizing customized approaches based on district size and growth patterns. 

System Dynamics and Integrated Modeling Approaches 

System dynamics modeling offers a holistic perspective on enrollment forecasting by capturing the 

complex feedback loops and policy interactions that influence educational participation. Pedamallu et al. 

(2010) applied system dynamics with cross-impact analysis in developing country contexts, revealing how 

infrastructural improvements create reinforcing cycles that boost enrollment while reducing dropout rates. 

The comparative studies by Rynerson and colleagues (2018, 2021, 2022) for various Oregon school districts 

exemplify integrated approaches, combining demographic analysis, cohort progression, and scenario plan-

ning to provide 15-year enrollment forecasts. 

National and Comparative Perspectives 

The scale of forecasting efforts ranges from local district projections to national policy planning. Hussar 

and Bailey’s (2016) national and state-level enrollment projections for the United States through 2024 illus-

trate how macro-level forecasting informs federal educational policies and funding allocations. Huynh Van 

et al. (2019) analyzed Vietnam’s six geographical regions and revealed significant disparities in enrollment 

trends. Chen’s (2022) work on China’s general and vocational education enrollment ratios highlighted how 

forecasting must account for regional economic structures and labor market needs. 

The evolution of school enrollment forecasting methodologies reflects both technological advancement 

and adaptive innovation across diverse global contexts. Several key insights emerge from this review. First, 

no single forecasting method dominates across all contexts; method selection must carefully consider local 

data availability, demographic patterns, and institutional characteristics. Second, the trend toward hybrid and 

integrated approaches suggests that future advances may come from creative combinations of existing tech-

niques. Third, the incorporation of spatial dimensions and system dynamics perspectives enriches traditional 

temporal forecasting. 

However, significant gaps remain in the literature. The conspicuous absence of studies from post-Soviet 

regions and many developing countries suggests that current methodological knowledge may not fully cap-

ture the diversity of global educational contexts. Kazakhstan and other Central Asian countries, with their 

unique demographic transitions and educational system transformations, represent particularly important yet 

understudied contexts.  

Methodology 

Data Description 

This study utilizes a comprehensive dataset covering Kazakhstan’s general secondary education system 

using the National Education Database (NEDB) for the years 2020-2024. The dataset encompasses 21 terri-

torial units including the national level, 17 regional administrations, and 3 cities of republican significance 
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(Astana, Almaty, and Shymkent). The primary dataset integrates multiple data sources including demograph-

ic indicators, educational enrollment statistics, migration flows, school infrastructure characteristics, and 

human resource metrics. Demographic variables include birth rates from 2013-2024, enabling cohort track-

ing with appropriate time lags for school entry age. Educational variables encompass total student enrollment 

by year, grade-level distributions, and language of instruction categories. Migration data captures both in-

coming and outgoing student flows between regions, providing insights into population mobility patterns 

affecting enrollment. Infrastructure variables include school capacity, number of schools, shift arrangements, 

and facility conditions. Human resource indicators cover teacher numbers, qualifications, and turnover rates. 

All data sources maintain consistent territorial classifications and temporal coverage, ensuring compatibility 

across different analytical approaches. Missing values were addressed through interpolation techniques 

where appropriate, with sensitivity analysis confirming minimal impact on model outcomes.  

Forecasting Models 

We tested seven different forecasting methods to look at enrollment dynamics from different angles. 

Each model represents a specific way of predicting enrollment, from demographic-based methods to statisti-

cal time series techniques. 

Cohort Component Model 

The cohort component model is one of the more sophisticated approaches to educational enrollment 

forecasting. It comes directly from demographic methodology used in population projections. This model 

works on the idea that future first-grade enrollment can be predicted by tracking specific birth cohorts as they 

move toward school age. The method starts with historical birth data, usually requiring a six-year lag for 

standard school entry age. The basic formula is: 

 

                 
 

where    is enrollment at time  ,      is births six years earlier,    is the enrollment rate from birth to 

school age,    represents the participation rate in formal education, and    captures net migration effects. 

The model includes survival rates from birth to school age, and participation rates that show what proportion 

of eligible children actually enter formal education. Migration effects are included through net migration co-

efficients. For later grades, the cohort progression follows: 

 

                   

 

where      is enrollment in grade   at time  , and      is the grade progression rate accounting for reten-

tion, dropout, and migration. This approach works well in stable demographic settings where birth patterns, 

migration flows, and educational participation rates follow predictable paths over time. 

Cohort Survival Model 

The cohort survival model builds on the cohort component framework by adding more sophisticated 

survival analysis techniques borrowed from actuarial science and epidemiology. Unlike the basic cohort 

model that uses simple survival rates, this approach recognizes that survival probabilities can vary across 

different demographic groups, geographic regions, and socioeconomic levels. The model extends the basic 

formula to include differential survival rates: 

 

                            

 

where        is differential survival rates for demographic subgroup   in grade   at time  , and        de-

notes continuation probabilities. The model includes differential survival rates that can account for variations 

in healthcare access, economic conditions, and other factors that influence child survival from birth to school 

entry age. The cohort survival model adds the concept of educational continuation probabilities, recognizing 

that not all children who survive to school age will participate in formal education. These continuation prob-

abilities can be modeled as functions of various socioeconomic indicators: 
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where      is a set of socioeconomic predictors including family characteristics, regional educational in-

frastructure quality, and economic conditions. This enhanced approach gives more accurate projections 

where demographic and socioeconomic differences significantly affect educational participation patterns. 

Trend Regression with Demographic Factors 

Trend regression models with demographic factors combine statistical trend analysis with demographic 

change theory. These models recognize that enrollment patterns often show both systematic trends over time 

and responses to underlying demographic drivers. The general form is: 

 

                              
 

where    is enrollment at time  ,   is the time trend,      is lagged birth rates,    captures net migra-

tion,    represents population density or other demographic variables, and    is the error term. The statistical 

part involves fitting regression equations to historical enrollment data, using time as the main independent 

variable to capture long-term trends in educational participation. The demographic part adds predictor varia-

bles like birth rates, migration flows, age structure changes, and population density variations. More 

advanced versions may include interaction effects: 

 

                                    
 

allowing for non-linear relationships and changing coefficients over time. The methodology of-

ten uses multiple regression techniques with various forms including polynomial trends, logarithmic 

transformations, and piecewise linear functions to capture complex enrollment dynamics. Model 

specification usually involves testing for autocorrelation using the Durbin-Watson statistic, 

heteroscedasticity through Breusch-Pagan tests, and structural breaks using Chow tests. These mod-

els work well where enrollment patterns are influenced by both long-term demographic transitions 

and shorter-term policy or economic changes. 
Linear Trend Model 

The linear trend model, despite its simplicity, is a solid and widely-used forecasting technique that often 

beats more complex alternatives in practical use. This approach assumes that enrollment changes follow a 

consistent linear pattern over time, with a constant absolute change per time period. The math involves 

estimating a simple linear regression equation: 

 

           
 

where    is enrollment at time  ,   is the intercept representing baseline enrollment,   trend coefficient, 

showing average annual change, and    is the random error term. Model estimation usually uses ordinary 

least squares regression, with parameter estimates given by: 
 

   
               

   

         
   

 

           
 

More sophisticated techniques like generalized least squares may be used when autocorrelation is pre-

sent in the residuals. The forecasting process involves extending the fitted trend line into future periods: 

 

                 
 

where   is the forecast horizon. Prediction intervals are calculated based on the standard error of the 

forecast: 
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where               
 

 
 

         

            
 and   is the residual standard error. While critics 

often dismiss linear models as too simplistic, research in forecasting accuracy often shows that linear trends 

give surprisingly accurate predictions for many educational systems, especially over short to medium-term 

horizons. 

Exponential Smoothing (Holt’s Method) 

Exponential smoothing using Holt’s method is a sophisticated time series forecasting technique that 

handles both level and trend components in enrollment data. Unlike simple exponential smoothing that as-

sumes no systematic trend, Holt’s method recognizes that many enrollment series show persistent upward or 

downward movements that must be explicitly modeled. The method uses two smoothing equations: a level 

equation that updates the estimated current enrollment level and a trend equation that updates the estimated 

rate of change. The level equation is: 

 

                        
 

and the trend equation is: 

                        
 

where    is the level at time  ,    is the trend at time  ,   is the level smoothing parameter        , 

and   is the trend smoothing parameter        . Parameter estimation often uses optimization tech-

niques to minimize forecast errors over historical data, usually minimizing the sum of squared errors: 
 

   
   

       
  

 
 

   

 

 

The forecasting process generates predictions by adding trend projections to the current level estimate: 

 

              
 

where   is the forecast horizon. Advanced implementations may include damped trend modifications: 

 

                         

 

where   is the damping parameter        , which assumes trend effects diminish over longer 

forecast horizons, addressing the common problem of exponential trend extrapolation producing unrealistic 

long-term projections. 

Multi-Factor Regression Model 

Multi-factor regression models are the most comprehensive statistical approach to enrollment forecast-

ing, trying to capture the complex mix of demographic, economic, social, and institutional factors that influ-

ence educational participation. The general form is: 

 

                                    
 

where    is enrollment at time  ,      represents lagged birth rates,    denotes population density or 

demographic structure,    captures income or socioeconomic indicators,    represents school capacity or in-

frastructure measures,    is teacher availability, and    is the error term. These models usually include demo-

graphic variables like birth rates, age structure, and population density; socioeconomic indicators including 

income levels, parental education, and employment rates; infrastructure measures like school capacity and 

teacher availability; and policy variables reflecting changes in educational requirements or funding levels. 

Model specification requires attention to multicollinearity among predictor variables, checked through vari-

ance inflation factors: 
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where   
  is the coefficient of determination from regressing predictor j on all other predictors. Ad-

vanced versions may use stepwise regression for variable selection, ridge regression to address 

multicollinearity with penalty term: 
 

                          
 

   

     
 

 

   

  

 

or instrumental variables to handle endogeneity problems. The forecasting process requires projecting 

values for all predictor variables, which can add extra uncertainty. 

Weighted Moving Average Model 

Weighted moving average models provide a flexible smoothing approach that emphasizes recent obser-

vations while including historical patterns to reduce the influence of random fluctuations in enrollment data. 

Unlike simple moving averages that give equal weights to all observations within the averaging window, 

weighted moving averages use a declining weight structure that gives more influence to more recent data 

points. The basic form is: 

 

                  

 

subject to the constraint    
   
      and typically               . The weighting scheme 

typically follows exponential decay patterns: 

 

   
       

    
 

 

where   is a decay parameter        , or geometric progressions, or custom weight distributions 

designed to match the specific characteristics of the enrollment series. The methodology involves calculating 

weighted averages of recent enrollment observations and then projecting these smoothed values into future 

periods. Trend components can be incorporated by calculating the weighted average of first differences:  
 

                           

 

and adding these trend estimates to the level projections: 

                
 

The forecasting process often includes automatic weight optimization procedures that minimize histori-

cal forecast errors to determine optimal weight parameters, typically by minimizing mean squared error: 

 

   
         

       
  

 
 

   

 

 

Advanced versions may use adaptive weighting schemes that adjust the weight distribution based on 

how stable or volatile recent enrollment patterns are. 

Model Validation and Performance Assessment 
We evaluated model performance using out-of-sample validation for accurate assessment. All models 

were trained only on 2020-2023 data, with 2024 as the testing period. This approach prevents overfitting and 

gives a realistic assessment of how models perform in actual forecasting situations. 

We measured accuracy using Mean Absolute Percentage Error as the main metric. MAPE is easy to in-

terpret because it shows forecast errors as percentages of actual values, making comparison across different 

areas and enrollment scales straightforward. The MAPE is calculated as: 
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where    is the actual enrollment at time  ,    is the forecasted enrollment, and  is the number of obser-

vations. We calculated MAPE both at the national level and as average regional performance to check model 

consistency across different geographic scales. The validation process included sensitivity analysis to test 

model stability under different parameter settings and data changes. We used cross-validation techniques 

where possible to make sure performance assessments were solid. 

Statistical Implementation 

All statistical analyses were conducted using Stata version 18. For the cohort component and cohort 

survival models, we employed the gen and replace commands to create lagged birth variables and calculate 

survival rates, with cohort progressions tracked using conditional statements and the bysort prefix for region-

al groupings. The trend regression with demographic factors utilized the regress command with robust stand-

ard errors (vce(robust)) to estimate coefficients, followed by post-estimation diagnostics including the estat vif 

command to assess multicollinearity, estat hettest for heteroscedasticity testing (Breusch-Pagan test), and estat 

dwatson for autocorrelation detection (Durbin-Watson statistic). Linear trend models were fitted using regress 

enrollment year with region-specific estimations executed through statsby loops. Exponential smoothing fore-

casts implementing Holt’s method were generated using the tssmooth exponential command with optimal 

smoothing parameters identified through the optimize() function, minimizing mean squared error. Multi-

factor regression specifications employed stepwise regression procedures for variable selection, with variance 

inflation factors computed via vif to identify problematic multicollinearity (threshold VIF > 10), and, when 

necessary, ridge regression was implemented using the ridgereg command to address collinearity issues. 

Weighted moving average calculations utilized the ma() function within time series operators, with custom 

weight specifications created through mata programming for non-standard weighting schemes. Model per-

formance evaluation was conducted using out-of-sample validation, where training-test splits were created 

using if conditions (2020-2023 for training, 2024 for testing), and Mean Absolute Percentage Error was cal-

culated using egen functions combined with summarize commands. Forecasts for 2025-2027 were generated 

using the predict command with the dynamic() option for multi-step-ahead predictions, and confidence inter-

vals were constructed using the forecast suite of commands with standard error estimates from predict, stdp. 

All data management, including merging demographic indicators with enrollment statistics, was performed 

using merge commands with m:1 relationships, and missing values were handled through linear interpolation 

using the ipolate command where appropriate. 

Results 

The comparative analysis shows substantial differences in how well various forecasting methods 

worked across different territorial levels. Table 1 presents MAPE results for all seven models we tested on 

total student enrollment. 

 
Table 1. Model Performance for Total Student Enrollment Forecasting (MAPE %, 2024) 

Model National Level MAPE Regional Average MAPE Overall Rank 

Linear Trend Model 0.70 % 0.77 % 1 

Exponential Smoothing (Holt’s) 1.00 % 1.40 % 2 

Multi-factor Regression 1.21 % 4.32 % 3 

Trend Regression with Demographics 1.84 % 1.63 % 4 

Weighted Moving Average 4.16 % 3.53 % 5 

Cohort Survival Model 4.96 % 12.57 % 6 

Cohort Component Model 7.92 % 18.28 % 7 
Note — compiled by authors based on the sources (estimates based on National Education Database 2020-2024) 

 

The linear trend model turned out to be remarkably accurate, posting the best scores both nationally 

(0.70 % MAPE) and across regions (0.77 % MAPE). What makes this particularly useful is how consistently 

well it performed regardless of whether we looked at the whole country or individual regions. The model’s 

straightforward nature combined with this level of accuracy makes it an obvious choice for actual planning 

work. Exponential smoothing came in second, doing quite well at the national level (1.00 % MAPE) and 

maintaining decent regional accuracy (1.40 % MAPE). This method’s ability to adapt to recent changes 
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while staying stable explains why it performed reasonably well across the board. What really surprised us 

was how poorly the demographic models did compare to simpler statistical methods. The cohort component 

model, which has solid theoretical backing in population dynamics, only managed 7.92 % MAPE nationally 

and 18.28 % regionally. The cohort survival model wasn't much better at 4.96 % and 12.57 % respectively. 

This suggests that straightforward demographic relationships aren't capturing what’s actually happening in 

Kazakhstan’s education system. The multi-factor regression showed an interesting split—it did well national-

ly (1.21 % MAPE) but struggled with regional predictions (4.32 % MAPE), which hints at possible 

overfitting or trouble handling how different regions behave. Since the linear trend model worked so well, 

we used it to forecast enrollment for 2025-2027. Table 2 shows what we're projecting for different parts of 

the country. 

Table 2. Regional Forecasts Using Linear Trend Model (2025-2027) 

Region Actual 

2024 

Predicted 

2024 

MAPE 

2024 

(%) 

Predic-

tion 

2025 

Predictio

n 

2026 

Predictio

n 

2027 

Predicted 

Average An-

nual 

Growth Rate 

2025-2027 

(%) 

Predicted 

Total Growth 

Rate 2025-2027 

(%) 

Kazakhstan Total 3,904,496 3,931,649 0.70 4,010,283 4,116,070 4,221,856 2.64 8.13 

Abay region 102,494 102,732 0.23 102,876 103,259 103,641 0.37 1.12 

Akmola region 142,117 143,257 0.80 144,565 147,013 149,461 1.69 5.17 

Aktobe region 185,947 187,020 0.58 192,094 198,241 204,387 3.20 9.92 

Almaty region 368,688 371,026 0.63 383,977 399,267 414,556 3.99 12.44 

Atyrau region 153,554 153,659 0.07 157,760 161,966 166,171 2.67 8.22 

West-Kazakhstan 

region 

126,034 127,571 1.22 129,380 132,725 136,071 2.59 7.96 

Zhambyl region 247,648 248,835 0.48 248,972 250,296 251,620 0.53 1.60 

Zhetisu region 133,352 133,391 0.03 134,658 135,963 137,269 0.97 2.94 

Karaganda region 175,974 177,034 0.60 177,310 178,646 179,982 0.75 2.28 

Kostanay region 115,480 116,432 0.82 116,382 117,284 118,185 0.77 2.34 

Kyzylorda region 184,917 187,528 1.41 188,260 191,602 194,945 1.78 5.42 

Mangystau region 190,643 191,426 0.41 198,277 205,911 213,545 3.85 12.01 

Pavlodar region 118,413 119,975 1.32 119,640 120,866 122,093 1.03 3.11 

North-Kazakhstan 

region 

74,952 76,229 1.70 74,993 75,034 75,074 0.05 0.16 

South-Kazakhstan 

region 

523,618 528,495 0.93 529,168 534,717 540,267 1.05 3.18 

Ulytau region 41,218 41,372 0.37 41,923 42,629 43,334 1.68 5.13 

East-Kazakhstan 

region 

101,805 102,435 0.62 102,997 104,188 105,380 1.16 3.51 

Astana City 286,913 284,716 0.77 309,909 332,906 355,902 7.45 24.05 

Almaty City 360,008 366,076 1.69 375,380 390,752 406,123 4.10 12.81 

Shymkent City 270,721 272,442 0.64 281,765 292,809 303,853 3.92 12.24 
Note — compiled by authors based on the sources (estimates based on National Education Database 2020-2024) 

 

Nationally, we're looking at steady growth from 3.9 million students in 2024 to 4.2 million by 2027—

an 8.13 % jump. This reflects ongoing demographic momentum and continuing educational system expan-

sion. The really striking pattern is how unevenly this growth is distributed. Astana leads the pack with a pro-

jected 24.05 % increase over three years. This dramatic growth stems from continued urbanization and peo-

ple moving to the capital for economic opportunities and government jobs. Almaty City is projected to grow 

12.81 %, and Shymkent 12.24 %, showing how these major commercial centers keep attracting families. 

Among regular regions, Almaty region shows 12.44 % growth, Mangystau hits 12.01 %, and Aktobe reaches 

9.92 %. These align pretty well with where economic development is concentrated and where resource in-

dustries are pulling in workers and their families. The flip side is what’s happening in rural and peripheral 

areas. North-Kazakhstan region barely budges, with just 0.16 % growth over three years. Abay region shows 

1.12 % growth, and Zhambyl comes in at 1.60 %. These modest numbers reflect the rural-to-urban migration 

wave and falling birth rates in these areas, creating entirely different planning headaches for local authori-

ties.Looking at how accurate our 2024 forecasts were across regions, most came in under 1.5 % MAPE. A 
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few outliers include West-Kazakhstan (1.22 %), Kyzylorda (1.41 %), Pavlodar (1.32 %), and Almaty City 

(1.69 %), though even these are acceptable for planning purposes. North-Kazakhstan region had the highest 

error at 1.70 %, possibly because of more erratic demographic shifts or data quality issues there. 

 

Discussion 

The fact that simple statistical models beat theoretically sophisticated demographic approaches has sig-

nificant implications for how educational forecasting should work in Kazakhstan. The linear trend model’s 

accuracy tells us that enrollment patterns over the short term follow fairly predictable growth paths that don’t 

require complex demographic modeling to capture. This goes against what demographers usually recom-

mend for education forecasting. 

Why did demographic models perform so poorly? Several Kazakhstan-specific factors probably explain 

this. First, the link between birth rates and school enrollment becomes complicated when you have the kind 

of migration Kazakhstan’s been experiencing. The country has seen major internal population movements 

over the past decade—people leaving rural areas for cities, moving from smaller towns to Astana, Almaty, 

and Shymkent. Traditional cohort models assume populations remain stable geographically, which clearly 

doesn’t match Kazakhstan’s reality. Beyond that, educational participation rates and policy changes have 

likely disrupted old patterns. Recent reforms—changes to school entry age requirements, curriculum over-

hauls—could have broken historical relationships between birth cohorts and enrollment. Furthermore, five 

years of data just is not enough for demographic models to establish reliable parameters. These models typi-

cally need much longer time series to estimate survival and progression rates properly. 

These findings fit with what forecasting research has found more broadly: simple models often beat 

complex ones in practice, especially when you don’t have much historical data. The principle here is that 

unnecessary complexity introduces new sources of error rather than improving accuracy. Our results support 

this principle specifically for educational forecasting in developing countries. The enrollment patterns we're 

projecting show significant regional gaps that need different policy responses. High-growth urban centers 

like Astana and Almaty face serious infrastructure challenges. That 24 % growth in Astana over three years 

means they must act quickly on school construction, teacher hiring, and budget allocations. Based on typical 

class sizes and teacher-student ratios, Astana probably needs 15-20 new schools and around 3,000 new 

teachers by 2027 just to maintain current standards. Almaty and Shymkent face similar pressures, though not 

quite as extreme. 

Meanwhile, regions with flat enrollment like North-Kazakhstan have different problems concerning ef-

ficiency and quality. Maintaining the existing school network becomes harder to justify when student num-

bers aren’t growing. These places might need to think about consolidating schools—fewer institutions with 

better facilities, more specialized staff, stronger programs—rather than spreading resources thinly across 

many small schools. That kind of consolidation could actually improve quality while cutting costs. 

The urban-rural split in growth patterns mirrors broader trends in Kazakhstan’s development. Educa-

tional planners must balance infrastructure investment between booming urban areas that need expansion and 

slower-growth rural areas that need efficiency improvements. This involves difficult trade-offs between equi-

ty (keeping rural schools open) and efficiency (concentrating resources where students actually are). Policy-

makers need better frameworks for making these allocation decisions that consider both immediate enroll-

ment pressures and long-term regional development goals. Regional variations also affect teacher deploy-

ment. High-growth regions need many more teachers, creating recruitment and training challenges. Kazakh-

stan might need incentive programs to attract qualified teachers to move to rapidly growing areas—maybe 

housing assistance, salary increases, or faster career advancement. At the same time, slow-growth regions 

might have too many teachers, requiring retraining programs or helping people transition to other education 

sectors or regions. 

Our analysis has several limitations pointing toward future research. First, the short time series (2020-

2024) doesn’t capture long-term cycles or structural breaks in enrollment patterns. The data includes the 

COVID period, which may have temporarily distorted enrollment in ways that don’t reflect normal trends. 

Longer time series would allow us to validate models more effectively and understand how enrollment re-

sponds to major disruptions. Second, regional aggregation hides important local variations. Regions in Ka-

zakhstan contain diverse territories with different urban-rural mixes, economic bases, and demographic pro-

files. District-level and school-level analysis would provide much more useful insights for local planning. 

Future work should examine forecasting at these finer scales, perhaps using spatial models to capture geo-

graphic dependencies. Third, we only examined total enrollment without breaking it down by grade. Age-
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specific forecasts by grade would help with curriculum planning, facility design, and teacher specialization. 

Different grades might grow at different rates because of varying cohort sizes and changing dropout patterns. 

Understanding these grade-specific dynamics would sharpen operational planning. Fourth, we did not explic-

itly model external factors like policy changes, economic shocks, or social shifts. Major policy initiatives or 

economic disruptions could change enrollment in ways historical trends miss. Future research could incorpo-

rate these through scenario analysis or econometric models linking enrollment to external drivers. The sys-

tem dynamics approaches we discussed in the literature review offer robust frameworks for exploring these 

complex interactions. Fifth, we did not address quality or outcomes, only quantity. Educational planning ul-

timately is concerned with quality and results. Future work could link enrollment projections to the resources 

needed to maintain or improve quality, developing optimization models balancing enrollment accommoda-

tion with quality standards. 

 

Conclusion 

This study offers the first thorough evaluation of enrollment forecasting models using Kazakhstan’s full 

regional educational dataset. The analysis shows that simple statistical approaches, especially linear trend 

models, outperform complex demographic models for forecasting total student enrollment in Kazakhstan. 

This has practical implications for educational planning in Kazakhstan and likely other post-Soviet countries 

facing similar demographic and institutional situations. 

The linear trend model’s performance—0.70 % national MAPE and 0.77 % regional MAPE—makes it 

the obvious choice for operational planning in Kazakhstan. Its simplicity means educational authorities at 

different levels can use it without the need for sophisticated demographic modeling infrastructure or exten-

sive data collection beyond basic enrollment numbers. 

Our 2025-2027 forecasts show continued enrollment growth with significant regional differences re-

flecting Kazakhstan’s ongoing urbanization and economic development. National enrollment should grow 

from 3.9 million to 4.2 million students, an 8 % jump requiring substantial system-wide capacity expansion. 

However, this growth is concentrated. Urban centers, especially Astana with 24 % projected growth, face 

major infrastructure needs demanding substantial investments in school construction, teacher recruitment, 

and educational resources. Planning authorities in these fast-growing areas need aggressive capacity expan-

sion to prevent overcrowding and maintain quality. 

Rural regions with modest growth need different approaches focused on efficiency and quality rather 

than expansion. These areas might benefit from consolidating schools, concentrating resources in fewer insti-

tutions, and implementing new delivery methods like distance learning or shared specialized teachers. Policy 

frameworks should recognize these different regional needs rather than applying blanket national strategies. 

This research contributes to practice by providing evidence-based guidance on model selection and val-

idated projections supporting better resource allocation. The methodological comparison provides education-

al planners in Kazakhstan and similar contexts practical insights into which forecasting approaches are effec-

tive given their data and institutions. Finding that simple models beat complex demographic approaches 

challenges standard assumptions in educational forecasting and suggests practitioners should not automati-

cally assume theoretical sophistication guarantees forecasting accuracy. 

Future research should extend the time series to capture longer-term patterns and validate models across 

different periods. The current analysis covers a brief period including the unusual COVID disruption; longer 

datasets would enable stronger conclusions about model performance under various conditions. Increasing 

geographic resolution to districts and schools would support more detailed planning and allow us to examine 

local factors influencing enrollment. Adding grade-specific forecasts would improve operational planning for 

curriculum, facilities, and teacher specialization. Exploring how to incorporate policy variables, economic 

indicators, and social factors could improve accuracy and enable scenario analysis of how different devel-

opment paths might affect enrollment. 

The methodological framework we’ve established provides a foundation for improving forecasting 

practices in Kazakhstan and potentially other Central Asian countries with similar characteristics. The sys-

tematic comparison of multiple approaches using comprehensive administrative data offers a model for how 

educational planning organizations can develop evidence-based forecasting capabilities. Regular updates 

with new data and periodic reassessment of model performance will ensure planning processes use the most 

accurate available projections. 

The practical implications go beyond academic contribution to directly supporting educational policy 

and resource planning across Kazakhstan’s system. Accurate enrollment forecasts enable proactive rather 
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than reactive planning, allowing authorities to anticipate needs and prepare responses before problems arise. 

This forward-looking approach supports more efficient resource use, better infrastructure development, and 

ultimately better educational outcomes through more effective resource management. As Kazakhstan contin-

ues to develop and its population changes, we need accurate enrollment forecasting to ensure schools have 

enough space and all children can receive quality education wherever they live. 
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