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Abstract: The study develops and tests, using a prospective-normative case design, 

an Operational School Management model assisted by Artificial Intelligence (SMO-IA) 
for state pre-university schools in Romania, using a representative rural lower-secondary 
school as a reference. The central argument is methodological rather than technological. 
Because Romanian school funding is based on a standard cost per pupil, each pupil 
retained in the system generates a quantifiable budgetary allocation, allowing the 
economic benefits of reduced dropout rates and administrative efficiency to be quantified 
and justified to institutional decision-makers in a way that flat-budget systems do not 
permit. The model is organised around five functional modules — predictive budgeting, 
administrative automation, dropout-risk analysis, resource-allocation optimisation, and 
real-time monitoring — and is designed within an Explainable AI (XAI) framework. 
Drawing on official 2024 per-student funding data and empirical evidence on Early 
Warning Systems, the study presents a cost-benefit analysis in which the projected first-
year return on investment reaches 17.12% only when long-term social value and 
recovered staff time are monetised; a stricter scenario, counting direct cash savings alone, 
shows that the investment is not recouped within the first year. Legal, ethical, and 
organisational constraints are examined in relation to Regulation (EU) 2024/1689 (the 
EU AI Act). All reported figures are estimated projections, not validated empirical 
observations. 
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1. Introduction and Problem Statement 
State pre-university educational institutions in Romania operate as 

organisations with a dual component: educational and economic-financial. 
The headteacher, in their capacity as authorising officer, manages limited 
resources, which must simultaneously ensure student access, the quality 
of the teaching process, infrastructure maintenance and budgetary 
compliance. Core funding follows the standard cost-per-pupil mechanism, 
allocated differentially according to level, residential area, specialisation, 
geographical area and pupil numbers. 

Against this backdrop, a recurring problem in Romanian school 
management is the absence of systemic, data-driven decision-making 
tools. In many schools, budget planning remains reactive, based on 
historical costs; interventions regarding the risk of dropout occur too late, 
and administrative tasks take up an excessive proportion of the time 
allocated to management. The research question guiding this study is as 
follows: to what extent can an operational management system supported 
by artificial intelligence be justified economically and institutionally in a 
rural lower secondary school, funded on a standard cost-per-pupil basis, 
and what are the ethical and legal conditions for such an implementation? 

The study has three objectives: (a) to design a modular SMO-IA 
model tailored to secondary schools in rural areas; (b) to estimate, through 
simulation, the budgetary, educational and operational impact of its 
implementation; (c) to identify the associated technical, institutional and 
ethical challenges. The contribution claimed by the study does not lie in 
the use of artificial intelligence per se — a practice already documented 
internationally — but in anchoring the economic rationale in the specific 
context of funding in Romania, which transforms the reduction of dropout 
rates from a pedagogical objective into a quantifiable budgetary argument. 

 
2. Literature Review 
Research on predictive analytics in education has shown that 

behavioral data collected from learning management system platforms can 
be integrated into algorithms that identify students at risk of academic 
failure, with an average accuracy reported at around 70% in the studies 
summarised1 . This line of research underpins Early Warning Systems 

 
1 A.E. Krumm, B. Means, M. Bienkowski, Predicting student outcomes using digital 

logs of learning behaviours, in ‘npj Science of Learning’, vol. 7, no. 1, 2022, pp. 1–12. 
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(EWS)2, but recent literature emphasises that prediction, in itself, does not 
reduce dropout rates; a reduction only occurs when algorithmic alerts are 
accompanied by concrete interventions. 

The strongest empirical evidence in this regard comes from a 
randomised controlled trial, conducted in approximately 4,000 schools, 
which demonstrated that an early warning system, implemented at low 
cost (under US$3 per pupil) and built upon existing administrative 
resources, reduces the dropout rate during the transition to secondary 
school by 4% in schools included in the programme and by up to 9% 
among those that actually implemented the intervention. The relatively 
modest magnitude of the effect and its dependence on actual 
implementation serve as a cautionary benchmark for any projections. 

Recent technological developments have added the dimension of 
explainability to this line of research. A hybrid model combining logistic 
regression with a neural network has achieved, on multidimensional 
educational data, high accuracy in predicting dropout, integrating SHAP 
(SHapley Additive exPlanations) and LIME (Local Interpretable Model-
Agnostic Explanations) techniques to make risk factors transparent — an 
approach that simultaneously meets the requirements for performance 
and for the intelligibility of algorithmic decisions. The same concern for 
the protection of personal data has guided research into federated 
learning, coupled with explainable artificial intelligence, as a solution to 
the tension between privacy and decision-making transparency. 

On the management side, the specialist literature proposes a 
framework 3  comprising six areas of artificial intelligence application 
within the school: a foundation based on equity, transparency and data 
protection; building a shared vision aligned with community values; 
supporting student-centred teaching; continuous professional 
development for staff; the use of dashboards and early warning systems 
for informed decision-making; and the automation of administrative tasks, 
so that staff time can be redirected towards pedagogical and relational 
activities. Added to this framework is a complementary perspective, 
according to which leadership is not merely a management factor, but an 

 
2 Early Warning Systems (EWS) continuously monitor indicators such as attendance, 

grades and behaviour to identify at-risk students early on, enabling preventive 
interventions.  

3 D. DeMatthews, P. Reyes, T. Hart, L. James, Leadership for artificial intelligence use in 
schools: A six-domain framework for ethical, equitable, and effective integration, in ‘Educational 
Management Administration & Leadership’ (online first), 2026.  
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axis that mediates the collaboration between human capabilities and the 
analytical power of artificial intelligence; in the absence of ethical and 
adaptive leadership, hybrid collaboration risks remaining purely 
instrumental4. 

Field research also confirms that the success of implementation does 
not depend exclusively on technology. A qualitative study conducted in 
secondary schools shows that the determining factors are institutional 
readiness, infrastructure and the digital skills of staff5. 

The European regulatory framework subjects these applications to 
strict rules. Regulation (EU) 2024/1689 classifies artificial intelligence 
systems intended for the assessment of individuals in education as high-
risk systems, including those for predicting the risk of dropping out, and 
imposes obligations regarding risk management, data governance, 
technical documentation, transparency, human oversight and AI literacy. 

At the national level, the educational management literature 
highlights the inadequacy of rigid managerial models in the face of 
contemporary demographic, socio-economic and technological pressures, 
advocating for the decentralisation of decision-making and participatory 
leadership6. The instruments through which this reorientation is put into 
practice in Romania are the Institutional Development Plan (IDP), the 
School Action Plan and the annual management plan. Regarding the IDP, 
the specialist literature argues that the real problem facing Romanian 
schools is not the absence of the document, but the disconnect between its 
drafting and implementation, proposing a five-stage model based on the 
PDCA cycle and supported by strategic planning tools7 such as SWOT 
analysis, PEST analysis8 and the Balanced Scorecard9. 

 
4 R. Zárate-Torres, C.F. Rey-Sarmiento, J.C. Acosta-Prado, N.A. Gómez-Cruz, D.Y. 

Rodríguez Castro, J. Camargo, Influence of leadership on human–artificial intelligence 
collaboration, in ‘Behavioral Sciences’, vol. 15, no. 7, 2025, p. 868. 

5  A.R. Hutami, Utilising technology and artificial intelligence in educational 
administration to enhance school performance at junior high school, in “PPSDP International 
Journal of Education”, vol. 3, no. 2, 2024, pp. 197–212. 

6 A. Veliciu, Implementation of modern managerial strategies in Romanian pre-university 
education, in “Journal of Pedagogy and Education (UAV)”, no. 2, 2024, pp.12-22. 

7 R. Chină, School Organisation Management — Institutional Development Project (PDI), 
Editura Universitară, Bucharest, 2019, pp. 41–58.  

8 The PEST analysis examines the external factors influencing an organisation—
political, economic, social, technological and environmental. 
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3. Research Methodology 
The study adopts a prospective-normative case study design, a 

qualitative-interpretative approach suitable for modelling complex 
organisational phenomena in the absence of longitudinal empirical data. 
The aim is not to describe an observed case, but to construct a 
representative, evidence-based scenario in which actual data on per-pupil 
funding are combined with projections derived from the specialist 
literature. This methodological choice has a consequence that the study 
explicitly acknowledges: the results presented are estimated projections— 
not validated empirical observations. Analytical generalisation is possible, 
but statistical generalisation is ruled out in the absence of a sufficiently 
large sample. 

The unit analysed is a rural lower secondary school representative of 
approximately 1,850 similar units (200–400 pupils, Years 1–8, funded via a 
standard cost per pupil). The case was constructed by triangulating three 
sources: empirical literature on early warning systems; impact studies on 
the reduction of administrative time through automation; and public data 
on the funding of Romanian pre-university education, sourced from the 
National Council for the Funding of Pre-university Education and the 
Integrated Information System for Education in Romania (SIIIR), for the 
year 2024. The financial parameters reflect the official figures for 2024: a 
standard cost of 8,573 lei per pupil for rural primary education and 10,846 
lei per pupil for rural lower secondary education, in thermal zone 3. 

The validity of the projections depends directly on the quality of the 
school’s internal data and that reported in SIIIR, in accordance with the 
principle that an erroneous input produces an erroneous output. For this 
reason, the figures presented should be interpreted as indicative estimates, 
subject to subsequent empirical validation. 

 
4. Case Study: SM Lower Secondary School, Rural Area 
SM Secondary School is a legally established institution in a rural 

area, with 315 pupils spread across 12 classes: 180 pupils in 7 primary 
classes and 135 pupils in 5 secondary classes. It has a teaching staff of 22 
(14 permanent teachers, 8 supply teachers) and 8 administrative staff. It 
has a main building, two annexes, a sports field, 42 computers, tablets and 

 
9  The Balanced Scorecard is a strategic management tool that translates an 

organisation’s objectives into measurable indicators, grouped across several perspectives 
(typically financial, stakeholders, internal processes, and learning/development). 
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interactive whiteboards, and provides school transport for 68 pupils. The 
level of administrative digitisation is estimated to be average. 

 
4.1. School Budget 
The total annual budget for 2024 was 3,271,700 lei, of which core 

funding: 3,236,700 lei and supplementary funding: 35,000 lei. The 
breakdown of expenditure is presented in Table 1. 

 
Table 1. Distribution of annual expenditure (SM Secondary School, 2024) 

Category Components Amount (lei) 

Salary costs Primary teaching staff (180 × 8,573) 1,543,140 

 Secondary school teaching staff 
(135 × 10,846) 

1,464,210 

 Regular pupil assessments 12,000 

 Subtotal salaries 3,019,350 

Goods and services Utilities (electricity, gas, water) 85,000 

 Routine repairs, materials 45,000 

 Continuing professional 
development 

18,000 

 Other (competitions, transport, 
grants) 

69,350 

 Subtotal goods and services (315 × 
690) 

217,350 

Additional funding After-school programme 35,000 

Grand total  3,271,700 

 
4.2. Managerial Challenges Identified 
The diagnostic analysis identified four categories of shortcomings. In 

terms of the budget, deviations from the draft budget amount to ±15%, 
with planning being predominantly reactive, and wage costs accounting 
for 92% of the budget, above the national average of 83%. The budgeting 
process is based on historical costs, leading to disproportionate allocations 
— over-budgeting of utilities during the cold season and under-utilisation 
of funds in the summer. 

In terms of education, the dropout rate was 3.8% in the 2022–2023 
school year (12 pupils, compared to a county average of 2.6%), 
concentrated at the lower secondary level and exacerbated by the absence 
of early risk identification mechanisms. 

Administratively, management spends over 70% of its time on 
bureaucratic reporting and budget monitoring tasks, to the detriment of 
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teaching activities. Recurring errors in SIIIR lead to delayed adjustments, 
and the lack of real-time visibility into cash flow reduces responsiveness. 
Funding for the After-school programme is allocated uniformly, without 
any correlation to performance or the risk of dropout. 

 
4.3. Architecture of the SMO-IA Model 
SMO-IA is designed as a modular digital platform, with five 

interdependent functional modules, designed on the principle of decision 
explainability. 

The predictive budgeting module uses machine learning algorithms 
(regression, time series forecasting10) to forecast pupil numbers over three 
years, estimate utility costs, anticipate staffing needs and generate 
alternative budget scenarios. A Random Forest algorithm can reduce the 
error in budget forecasts from approximately ±15% to ±5%11. 

The administrative process automation module automatically 
retrieves data from SIIIR, generates budget execution reports and 
responds to frequent staff queries via a conversational assistant based on 
augmented retrieval 12 . By combining automated robotic process 
automation with natural language processing13, administrative time can be 
reduced from around 16 hours to 5 hours per week. 

The predictive risk analysis module uses a classification model 
trained on historical data — grades, absences, socio-economic status, 
parental involvement, participation in the after-school programme, distance 
from school — to generate dropout risk scores, classify pupils into 
categories, and send alerts to form tutors and counsellors. Each alert is 
accompanied by a personalised explanation of the factors that determined 
the score, an essential condition for human oversight of the decision. 

The resource allocation optimisation module distributes the after-

 
10 Time-series forecasting is a statistical and machine learning method whereby 

future values of a variable are estimated based on patterns observed in its past behaviour 
(trend, seasonality, cyclicality). 

11 Random Forest is an algorithm that constructs a large number of independent 
decision trees and combines the results by majority vote (for classification) or by 
averaging (for regression). 

12  The RAG (Retrieval-Augmented Generation) system combines the ability of 
language models to generate coherent responses with access to external sources of 
information. 

13  RPA (Robotic Process Automation) and NLP (Natural Language Processing) — 
combining the automation of repetitive processes with an understanding of natural 
language. 
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school programme budget via a multi-objective algorithm, based on 
dropout risk, previous results and remedial needs, and optimises the use 
of school premises. 

The monitoring and reporting module provides, via an executive 
dashboard, real-time visibility into budget execution and key indicators 
(cost per pupil, absenteeism rate, energy efficiency) and issues alerts 
regarding budget overruns or sudden drops in attendance. 

 
4.4. Projected Results 
The results below are derived from a simulation of one year’s use of 

SMO-IA and should be interpreted as projections based on the relevant 
literature, not as observed data. 

Budget efficiency. Procurement optimisation reduced expenditure on 
materials and consumables by approximately 2,500 lei. The forecasting 
error for utility costs fell from ±14% (2023) to ±3%, and the identification of 
consumption anomalies (a faulty thermostat in the main building) 
contributed to savings of approximately 6,500 lei. Other administrative 
expenses were reduced by approximately 2,000 lei, and the 
synchronisation of budget credit requests eliminated late payment 
penalties (600 lei). 

Educational performance. Of the eight pupils identified as being at 
high risk at the start of the year, personalised interventions (tutoring, 
counselling, grants) were associated, in the projected scenario, with a 
reduction in the number of dropouts from 12 to 2. This reduction 
represents the upper limit of the range reported in the literature and is 
plausible only under the conditions of an integrated package of measures, 
not through isolated algorithmic alerts; the study considers it an optimistic 
scenario, not a guaranteed result. The economic value of retaining the 6 
pupils in the system, calculated on the basis of the standard cost, is 60,530 
lei (2 × 8,573 + 4 × 10,846). The model also identified 31 pupils with 
learning difficulties, guiding psycho-educational assessments and 
individualised plans. 

Operational efficiency. Automation has freed up approximately 11 
hours per week, which can be redirected towards monitoring pupils’ 
progress and community engagement. Valued at the average hourly wage 
(120 lei × 11 hours × 45 weeks), this time saving corresponds to a value of 
59,400 lei. Compliance with SIIIR reporting rose to 100% following the 
removal of retroactive adjustments and administrative penalties. 
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4.5. Cost-benefit Analysis 
The investment in the first year is estimated at 155,000 lei 

(approximately 31,000 euros), comprising one-off consultancy costs (15,000 
lei) and training costs (20,000 lei), as well as recurring expenditure on 
cloud infrastructure, licences and the network. Table 2 summarises the 
projected benefits. 

 
Table 2. Projected benefits of implementing SMO-IA, first year 

Benefit category Type 
Estimated value 

(lei) 

Procurement optimisation (8%) Direct savings 2,500 

Energy efficiency (5%) direct savings 6,500 

Reduction in administrative costs direct savings 2,600 

Keeping 6 pupils in school educational benefit 60,530 

Administrative time saved equivalent value 59,400 

Long-term social impact estimated value 50,000 

Total benefits  181,530 

 
4.6. Return on Investment and Sensitivity Analysis 
In the full scenario, which also monetises the value of time saved and 

the long-term social impact, the net profit in the first year is 26,530 lei, 
corresponding to a return of 17.12%, calculated as (181,530 − 155,000) / 
155,000 × 100. The payback period, assuming a constant annual profit, is 
approximately 5.8 years. 

This return must, however, be interpreted with caution, as it depends 
crucially on the monetisation assumptions. A sensitivity analysis shows 
that, if only direct cash savings are taken into account (purchases, energy, 
administrative costs, approximately 11,600 lei), the investment is not 
recouped in the first year, and the return becomes net negative. The 
positive value of the project therefore stems almost entirely from retaining 
pupils in the system and from making use of the administrative time freed 
up — real benefits, but whose monetary quantification remains 
conventional. This dependence constitutes the main limitation of the 
economic analysis and must be communicated transparently to decision-
makers. 

To overcome the issue of the initial cost — which represents around 
4.7% of the annual budget of a single school — the study proposes a 
model of centralised procurement across several schools within an 
administrative-territorial unit, capable of reducing the cost per school by 
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25–30%, possibly in the form of a public-private partnership in which the 
supplier bears part of the initial investment, and the public sector pays in 
instalments for operation and maintenance. 

 
5. Analytical Validation of the Model 
The projected results of SMO-IA are consistent with the international 

literature on early warning systems in pre-university settings. The 
projected reduction in dropout rates lies at the upper limit of the 
empirically confirmed range, a point the study explicitly acknowledges: 
such a favourable outcome is only observed in contexts involving 
intensive multimodal interventions, not through prediction alone. Far 
from being obscured, this discrepancy reinforces the normative nature of 
the scenario, which involves an integrated package of prediction, tutoring, 
scholarships and counselling. The six areas of artificial intelligence use 
identified in the specialist literature are reflected in the SMO-AI 
architecture: equity, vision and student-centred teaching are covered 
indirectly, through the predictive analysis module and the explainability 
policy; staff training, through the artificial intelligence literacy 
programme; and early warning and automation, directly, through the 
dedicated modules. 

The study’s distinctive contribution, however, lies in its anchoring in 
the per-pupil funding mechanism specific to Romania. Unlike systems 
with global funding, where a school’s budget does not vary directly 
according to the number of pupils, in Romania, each pupil generates a 
predictable and calculable allocation. This allows for a rigorous 
quantification of the economic benefit of reducing dropout rates and 
provides a solid basis for the argument regarding cost-effectiveness when 
presented to the education authority, the local council and the board of 
governors — a methodological advantage over international studies that 
operate with lump-sum budgets. 

 
6. Challenges and Limitations 
The first challenge concerns confidentiality and ethics in the 

management of sensitive pupil data. Activating the predictive analysis 
module requires, as a prerequisite, a data governance protocol in 
accordance with the requirements of Regulation (EU) 2024/1689 and a 
Data Protection Impact Assessment (DPIA), carried out prior to 
implementation, with restricted access, anonymisation of aggregated 
reports and informed consent from parents. The obligation to ensure AI 
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literacy requires staff training prior to operationalisation. 
The second challenge is the risk of algorithmic bias. As the models are 

trained on historical data, they may perpetuate pre-existing inequalities by 
over-identifying risks for pupils from disadvantaged backgrounds. This 
necessitates regular audits of algorithmic fairness, annual retraining of the 
model, and the establishment of an ethics committee to validate alerts 
before any intervention. 

The third challenge relates to data quality. The accuracy of 
predictions depends on the correctness of the information in the SIIIR; 
reporting errors can lead to suboptimal decisions. This risk is mitigated 
through automatic data validation and training for staff responsible for 
data entry. 

The fourth challenge is human in nature. Approximately 30% of staff, 
with an average age of 48, are reluctant to use digital tools. The transition 
requires training programmes with individual support, mentoring and 
collaborative learning. 

Finally, technological dependence on a single supplier can cause 
bottlenecks in the event of a service interruption. Managing this risk 
requires high-availability service level agreements, manual fallback 
procedures, the ability to export data at any time, and staff training for 
contingency scenarios. 

 
7. Conclusions 
The simulations indicate significant potential for improving 

institutional efficiency: a reduction in budget deviations, direct savings of 
approximately 11,600 lei in the first year, and a substantial reduction in the 
dropout rate. However, these results remain only estimated projections, 
and empirical validation on a large sample is a necessary and urgent step. 
The model developed for small rural schools can be transferred to large 
urban schools or technical colleges, provided that the predictive models, 
cost structure and governance framework are recalibrated; testing in at 
least two types of schools is recommended prior to any pilot scheme. 

From a legal perspective, the implementation of SMO-IA falls under 
Regulation (EU) 2024/1689 as a high-risk system, with obligations 
regarding technical documentation, transparency, human oversight and 
staff training. Ignoring these requirements would render the model non-
compliant. 

The study’s main theoretical contribution lies in demonstrating that 
Romania’s specific ‘standard cost per pupil’ mechanism aligns algorithmic 
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optimisation with educational objectives: every pupil retained in the 
system generates not only a social benefit but also a calculable budgetary 
allocation, which means that the cost-effectiveness of predictive 
interventions can be rigorously justified to decision-makers. Artificial 
intelligence does not replace the school manager’s expertise, but amplifies 
it; responsibility for strategic decisions, human relations and pedagogical 
leadership remains entirely human. 

Funding for implementation could be provided through the 
Education and Employment Programme 2021–2027, whose investment 
priority dedicated to the digitalisation of education explicitly includes 
school management information systems. At the system level, 
consideration could be given to developing a national school management 
module supported by artificial intelligence, integrated with SIIIR and 
accompanied by a methodological framework that includes ethical 
standards, auditing and data protection. 

The future research agenda should include longitudinal studies (3–5 
years, over 100 schools) for the empirical validation of projections, the 
development of predictive models tailored to national specificities, 
comparative analyses of the cost-effectiveness of artificial intelligence 
solutions versus traditional management consultancy, and research into 
the perceptions of teachers, pupils and parents regarding the use of these 
technologies. 
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