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ABSTRACT

Design, develop and evaluate an educational mobile application that integrates Flutter, n8n and open source
Al models (Router, Llama 2, Mistral) for automated mathematical assistance with teacher monitoring.
Methods: A dual application was developed combining guided assistance and automatic resolution via Al,
with automated notifications and reporting via n8n. Quasi-experimental evaluation with 180 students and 12
teachers over 12 weeks. Results: 87% adoption rate, average 23% improvement in mathematics grades,
significant increase in self-efficacy (d=1.18), and 40% reduction in teacher time for diagnostic identification.
Al models successfully processed 94% of mathematical queries (n=1,247 total queries).

Conclusions: Intelligent automation with n8n and open source Al represents an effective innovation for
personalizing mathematical learning and optimizing pedagogical monitoring.

Keywords: Flutter, N8n, Educational Artificial Intelligence, Llama 2, Mistral, Workflow Automation,

Mathematics Learning, Educational Technology.

1. INTRODUCTION

Contemporary mathematics education faces
critical challenges related to learning personalization
and timely identification of conceptual difficulties
[1,2]. Mobile technologies have demonstrated
significant potential to facilitate learning through
immediate feedback and adaptive resources [3,4].
However, a gap persists between student support
tools and effective teacher monitoring systems
[5,6].Recent research documents that educational
mobile applications improve academic performance,
motivation and student engagement, especially when
integrating personalization elements [7,8,9]. Meta-
analyses reveal average improvements of 10-15% in
grades when mobile technologies are implemented
in mathematics education [10,11]. Additionally,
automated feedback systems have shown particular
effectiveness  when  combining  step-by-step
explanations ~ with  procedure  visualizations
[12,13].Intelligent Tutoring Systems (ITS) represent
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a consolidated field demonstrating how automation
can support learning [14,15]. Immediate and specific
automated feedback significantly improves learning
outcomes, with effect sizes ranging between d=0.4
and d=0.7 according to recent meta-analyses [16,17].
However, most of these systems require complex
infrastructure and prohibitive costs for educational
institutions with limited resources [18].In this
context, n8n emerges as disruptive technology: an
open source workflow automation platform that
enables orchestration of complex educational
processes without requiring extensive programming
[19]. Unlike traditional monolithic systems, n8n
facilitates modular integration of multiple services
through event-based architectures, representing a
paradigmatic shift in EdTech development [20]. Its
capability to connect APIs, process data and trigger
automatic actions makes it an ideal engine for
intelligent educational ecosystems [21].
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Simultaneously, democratization of open source Al
models like Llama 2, Mistral and Router has
transformed access to natural language processing
and mathematical resolution capabilities [22,23].
These models, trained on vast mathematical data
corpora, can solve complex problems with accuracy
comparable to proprietary systems, eliminating cost
barriers and technological dependency [24,25].
Integration of these models with automation systems
like n8n represents an innovative frontier in EdTech
that has been scarcely explored in academic
literature until now  [26].Effective teacher
monitoring constitutes another fundamental pillar of
pedagogical practice [27,28]. Learning analytics
platforms enable identification of difficulty patterns
and personalization of interventions [29,30], with
studies documenting improvements in student
retention when teachers systematically use
monitoring data [31]. However, literature points out
important challenges: information overload, privacy
concerns and need for teacher training in data
interpretation [32,33].Cross-platform development
frameworks like Flutter have revolutionized
educational mobile application creation, enabling
efficient deployment across multiple operating
systems from a single code base [34,35]. Flutter
offers significant advantages in performance,
development experience and visual consistency,
particularly critical in educational applications
where accessibility is a priority [36].

Despite these advances, critical gaps persist in the
literature:

1.Limited  technological  integration: = Most
educational applications operate as silos, without
effective integration between student tools and
teacher monitoring systems [37,38].

2.Underutilization  of  automation:  Although
workflow automation is common in business sectors,
its systematic application in education remains
emergent [39,40].

3.Dependency on proprietary systems: Most EdTech
solutions depend on costly commercial APIs,
limiting scalability in resource-limited contexts [41].

4.Absence of cohesive ecosystems: Student learning,
automatic Al resolution, teacher notification and
aggregated reporting are rarely integrated
simultaneously in unified systems [42].

The present project addresses these gaps through an
innovative architecture that integrates:

e Flutter for cross-platform mobile interface
with optimal user experience
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* n8n as automation engine orchestrating
complex workflows autonomously

e Open-source Al models (Router, Llama 2,
Mistral) for intelligent mathematical
resolution without proprietary API costs

e Dual assistance system (guided vs.
automatic) respecting different learning
needs

* Individual automated notification
facilitating personalized teacher monitoring

* Aggregated weekly reporting identifying
difficulty patterns at institutional level

This technological combination represents a
significant methodological innovation in educational
application  design,  positioning  intelligent
automation as a central architectural component
rather than peripheral functionality. To the best of
our knowledge, this is the first empirical study that
integrates n8n workflow automation with open
source large language models (Llama 2, Mistral) and
a Flutter-based mobile interface within a quasi-
experimental design to evaluate mathematical
learning outcomes in a secondary school context.
Unlike previous studies that evaluate isolated tools,
this work proposes and validates a cohesive
ecosystem where automation, Al, mobile interaction,
and teacher monitoring are simultaneously
integrated and empirically assessed.

1.1 Problem Statement and Research

While mobile educational technologies and Al
systems have demonstrated significant potential for
improving mathematics learning, critical gaps persist
in their practical integration. Existing solutions
typically operate as isolated tools—student
applications lack robust teacher monitoring, Al
systems depend on costly proprietary APIs, and
workflow automation remains underutilized in
educational contexts. This fragmentation limits
scalability,  particularly in  resource-limited
institutions, and prevents the creation of cohesive
educational ecosystems that simultaneously address
student learning needs and teacher monitoring
requirements.

Research Questions:

RQI1: How can n8n workflow automation be
effectively integrated with open source Al models
(Llama 2, Mistral) and Flutter-based mobile
interfaces to create a functional educational
ecosystem for mathematics learning?
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RQ2: To what extent does intelligent automation
through n8n, combined with dual assistance systems
(guided and Al-powered), improve student academic
performance, self-efficacy, and teacher monitoring
efficiency compared to traditional instruction
methods?

RQ3: What are the adoption patterns, usability
characteristics, and cost-effectiveness implications
of using open source Al models versus proprietary
APIs in educational contexts with limited resources?

Research Objectives:

O1: To design and implement an educational mobile
application that integrates Flutter, n8n workflow
automation, and open source Al models (Llama 2,
Mistral) for automated mathematical assistance in
secondary education.

02: To evaluate the effect of the application on
academic performance and mathematical self-
efficacy through a quasi-experimental design with
experimental (n=90) and control (n=90) groups over
a 12-week intervention.

03: To assess the usability, adoption patterns, and
cost-effectiveness of an architecture based on open
source Al models compared to proprietary API
solutions in a resource-limited educational context.

METHODOLOGY
2.1 Study Design

A quasi-experimental design was implemented with
an experimental group (n=90) and a control group
(n=90) distributed across three urban educational
institutions in Huancayo, Peru. Group assignment
was performed at the pre-existing section level to
avoid contamination between conditions. To
improve comparability between groups, propensity
score matching was applied at the individual level
using covariates: prior mathematics grade, gender,
age, and previous quarter attendance. A caliper of
0.2 SD of the propensity score logit was used with
1:1 matching without replacement. Covariate
balance was verified using standardized mean
differences (|]SMDI|<0.10 for all covariates). The
experimental group had full access to the educational
mobile application with automated Al assistance and
teacher monitoring, while the control group
continued with traditional instruction. The
intervention spanned 12 weeks, with pre-test and
post-test assessments applied to both groups.

Design-based research methodology was
adopted with iterative technological development

and empirical evaluation in real contexts. The
system comprises three interconnected components
(Figure 1):

MOBILE APPLICATION LAYER (Flutter 3.x)

ssistance Module

vt Resalulon Hodule l

t

AUTOMATION LAYER (n8n)

R Workflow Al Workflow

DATA AND SERVICES LAYER

mysaL Al Models

Figure 1: Educational System Architecture: Flutter, n8n
& Al Integration

2.2 Participants

The sample (N=180) consisted of Peruvian
secondary school students between 12 and 14 years
old (M=13.1, SD=0.8), recruited from three urban
educational institutions in Huancayo, Peru.
Participants were distributed into three age groups:
12 years (31.1%), 13 years (37.8%), and 14 years
(31.1%). The distribution by gender was balanced
(53.9% male, 46.1% female) and all participants
belonged to middle socioeconomic level. Students
were enrolled in 1st grade (52.2%) and 2nd grade
(47.8%) of secondary education. The order effect
was controlled by random assignment at section
level to experimental group (n=90, full access to
educational application) or control group (n=90,
traditional instruction only).

Additionally, 12 mathematics teachers
(66.7% female, 33.3% male) with an average of 8.4
years of teaching experience (SD=4.2) participated
in the monitoring system evaluation. Teachers
ranged in age from 28 to 52 years (M=38.6, SD=7.1)
and all held professional teaching certifications.

Preliminary Phases: During Phase 1
(Design and Prototyping), 8 teachers (75% female,
25% male) participated in semi-structured
interviews and 24 students (50% male, 50% female;
age range 12-14 years) participated in focus groups
to inform initial design requirements. In Phase 2
(Development and Integration), beta evaluation was
conducted with 15 students (53.3% male, 46.7%
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female) and 3 teachers to refine the application prior
to full deployment.

Inclusion Criteria: (a) Students enrolled in
Ist or 2nd grade of secondary education; (b)

Students with access to mobile devices
(Android/iOS); (c) Informed consent from
parents/guardians and  student assent; (d)

Mathematics teachers responsible for instruction at
participating institutions.

Exclusion Criteria: (a) Students who
missed more than 20% of intervention sessions; (b)
Students who transferred to other schools during the
study period; (c) Incomplete pre-test or post-test
data.

2.3 Instruments
2.3.1 Pre-Post Academic Assessment

A standardized mathematics test was developed
covering four content areas: algebra (30%),
geometry (25%), trigonometry (25%), and equation
systems (20%). The test consisted of 40 items with
varying difficulty levels based on the Peruvian
National Curriculum standards for 1st and 2nd grade
secondary education. Content validity was
established through expert review by 5 mathematics
educators, and construct validity was confirmed
through  factor  analysis. The instrument
demonstrated high internal consistency (Cronbach's
a=0.87).

2.3.2  Mathematical Self-Efficacy Scale

A 15-item questionnaire was adapted from the
Mathematics Self-Efficacy Scale (MSES).Items
assessed students' confidence in their ability to solve
mathematical problems across different domains.
All items used 10-point Likert scales (1 = not at all
confident to 10 completely confident). The
adapted instrument showed high internal consistency
(Cronbach's a 0.89) and adequate test-retest
reliability (r = 0.84, p <0.001).

2.4 Mobile Application Design:

The Flutter 3.x with Dart language was
selected, implementing BLoC architecture for
business logic and presentation
separation.Informative Assistance Module: Provides
structured resources by topic (algebra, geometry,
trigonometry, calculus, statistics) with conceptual
explanations, step-by-step procedures and practice
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exercises. Hierarchical navigation with search by
topic, difficulty level and problem type.Automatic
Resolution Module: Integrates three open source Al
models working together: Router AI: Classifies
mathematical problem type and determines most
appropriate model .Llama 2 (13B): Processes
algebra, equations and functions problems.Mistral
(7B): Specialized in geometry, trigonometry and
applied problem.The processing flow captures
metadata (student ID, grade, section, timestamp,
problem) and triggers automated workflow in
n8n.The login screen implements secure
authentication via email and password, with real-
time field validation. The minimalist design reduces
cognitive load and facilitates quick access to the
system. The registration screen allows the creation
of new student accounts, requesting basic
information such as first name, last name, email, and
login credentials. The form includes validations to
ensure data integrity and comply with privacy
policies. The New Query screen is the functional
core of the automatic resolution module. Students
can enter math problems via text or image, select the
corresponding subject area (algebra, geometry,
calculus, etc.), and submit the query for processing
by Al models. This interface automatically captures
contextual metadata (student ID, grade, section,
timestamp) that feeds into the automation flow in
n8n. The Educational History screen provides access
to all of the student's previous queries, organized
chronologically. This feature allows for longitudinal
tracking of learning and facilitates the review of
previously  consulted  concepts,  promoting
autonomous learning and metacognition. Finally, the
Educational Response screen displays the solutions
generated by the Al system. The responses include
step-by-step procedures, conceptual explanations,
and, when applicable, visualizations or graphics that
facilitate understanding. The design of this interface
prioritizes readability and clear structuring of
mathematical information.
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Figure 2: Educational Mobile Application User Interface
2.5 Automation System with n8n:
The n8n (version 1.x) was deployed on cloud
infrastructure via Docker. Three main workflows
were implemented (Figure 3):
£, WORKFLOW 1: Notificacion Individual al Docente
Webhook HTTP Validacion CQuery BD
Recibe solicitud desde 2pp mévil == Werifica integridad de datos = Obtiene info docente asignado =
Formateo Enwvio SMTP
Genera plantilia email i Motifica al docente
il WORKFLOW 2: Reporteria Semanal Automatizada
Trigger Cron Agregacion Generacion PDF
Domingos 20:00 hes il Calcula mémmicas semanzles = Crea reporne visual i

Envio Masivo

Distribuye 3 docentes

B WORKFLOW 3: Procesamiento con |A Open Source

Request APl Router A Liama 2 / Mistral
Recibe problema matematico Clasifica tipo problama Resustve con IA apropiada
Respuesta

Formatea solucion detallada

Figure 3: Automation Workflows Implemented in n8n
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The workflow diagram in n8n (Figure 4) illustrates
the intelligent automation architecture that processes
student queries asynchronously and without human
intervention.

The flow begins with a webhook that receives

queries from the Flutter mobile application,
capturing all subsequent metadata associated
(student ID, problem, mathematical area,

timestamp).The system implements three main
automation flows: (1) Query processing through
intelligent routing to the appropriate Al models
(Router Al, Llama 2, Mistral, or LLaMA 3),The
system implements three main automation flows:

Fault tolerance with automatic retries
Horizontal scalability through containers
Complete logging for auditing and debugging
Configurable filters for teacher personalization

2.6 Open Source AI Model Integration :

Open source model selection responds to
accessibility, cost-effectiveness and technological
sovereignty criteria. They were deployed locally
using Ollama for optimized inference:

Table 1: Specifications of Implemented Open Source Al

Query processing through intelligent routing to the Models
appropriate Al models (Router Al Llama 2, Mistral, Al | Parame | Specializ | Accur | Aver | Frame
or LLaMA 3), (2) Structured storage of all 1:12; ters ation (Z:,Zy) s work
interactions in a database for analysis, and (3) ney
Automated generation and sending of personalized Rout 2 Classifica | 96% 0.3 Ollama
educational notifications to teachers. Notable er | Billion | tionof secon
technical features include error handling with Al mthe{nat ds
automatic retries, parallel processing to optimize pr(l)i,alem
response times, configurable filters that allow types
teachers to customize alerts according to specific Lla 13 Algebra, | 91% | 18 | Ollama
pedagogical criteria, and complete logging for n;a Billion eq‘ﬁégfs Seg:n
auditing and debugging. This microservices systems,
architecture connected via REST APIs ensures functions
horizontal scalability and fault tolerance, allowing Mist 7 Geometry | 89% 12 | Ollama
the system to dynamically adapt to variations in ral | Billion 0 secon
workload without service degradation. mi?rr;om o
applie,:d
problems
£ L L) J L}
4%30 " 3 e | "M
Lt} ’ PR - " 1 ~
o YL@ v X '-«:: (= 4004::
t . n b y : L} | O - '
|; T ‘i ¢ - Ll 4 &
‘3 e
4
0

Figure 4: Automation Workflows Implemented in n8n

Innovative implementation features:
Asynchronous processing without human
intervention
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Improvement(%) ~Cain.
100ANCOVA
Ypost = :80 + ﬁl Grupo + :82 Ypre + €
where  Group is an indicator  variable
(experimental=1, control=0).

Partial Eta-Squared:
SSefecto

2
Nyarcial
P SS efecto + S8, error

Student's t-test for Two Independent Samples:

X, - X
t = L 2 where Sy
SZ l_|_ i
Pny " n,
(g = Dsi + (ny — 1)s3
N nl + le - 2
Cohen's d:
d _ Xl - XZ
S

Pearson Correlation:

r
=1 x (X — X)(Y;-Y)

] \/Z?ﬂx (X; = X)? \/Zﬁlx(Yi —7)2

Kaplan-Meier Survival

so =[] _a-9

Where d_iare events at t iand n_iare individuals at
risk att i.

Retention Rate:
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Retention(t)
Active users at week activos;

100

Initial users

Study Design:A quasi-experimental design was
implemented with experimental group (n=90) and
control group (n=90) across three institutions.
Assignment was performed at the pre-existing
section level to avoid contamination (non-random
assignment). To improve comparability, propensity
score matching was applied at individual level with
covariates: prior mathematics grade, gender, age,
and previous quarter attendance. A caliper of 0.2 SD
of the propensity score logit was used with 1:1
matching without replacement. Covariate balance
was verified using standardized mean differences
(ISMD|<0.10 for all covariates).

Initial Equivalence:Before intervention,
mathematics grades did not differ significantly
between groups: mean (SD) experimental = 13.2
(2.1), control = 13.4 (2.0); t(178)=0.69, p=0.49;
SMD=0.09. Gender and age distribution also
showed no significant differences (¥*> and t-test,
p>0.10).

Main Analysis: ANCOVA was employed with post-

score as dependent variable, group
(experimental/control) as factor, and pre-score as
covariate.  Assumptions of linearity  and

homogeneity of slopes were verified (GroupxPre
interaction non-significant, p>0.10), residual
normality (Shapiro-Wilk p>0.05), and
homoscedasticity (Levene p>0.05). Effects are
reported with partial n? and their 95% Cl.coefficients
2.7 Data Analysis:

2.7.1 Data Preparation

Data were processed using SPSS v27.0 and R v4.2.0.
Normality was verified using Shapiro-Wilk tests,
and outliers were identified using box plots. No
transformations were necessary as all variables met
parametric assumptions. Missing data (< 3%) were
handled using listwise deletion.

2.7.2  Statistical Analyses

The following analyses were conducted: Group
Comparisons: ANCOVA was employed with post-
test scores as dependent variable, group
(experimental/control) as factor, and pre-test scores
as covariate. Assumptions of linearity, homogeneity
of regression slopes, and homoscedasticity were
verified.Self-Efficacy =~ Analysis: Independent
samples t-tests were used to compare self-efficacy
changes between groups. Effect sizes were
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calculated using Cohen's d. Usage-Outcome
Relationships: Pearson correlations examined
associations between system usage variables and
learning outcomes. Retention Analysis: Kaplan-
Meier survival analysis estimated user retention over
the 12-week period, stratified by engagement level.
Subgroup Analyses: Additional analyses examined
outcomes by gender, grade level, and initial
performance level (low, medium, high performers
based on pre-test tertiles).

Qualitative Analysis: Teacher interview transcripts
were analyzed using thematic analysis following
Braun and Clarke's (2006) six-phase framework.
Two researchers independently coded the data, with
inter-rater reliability of k = 0.85.

3. RESULTS

3.1 Adoption and Usage Patterns

Adoption rate: 87% (78/90). Average sessions: 8.3 +
4.1. Duration: 12.4 + 6.2 min. Al success: 94%
(1,247 queries)Informative use: 61% (preference for
guided learning). Automatic use: 39% (verification).
Llama 2: 58% (algebra). Mistral: 42%
(geometry/trigonometry). Topics ~ with ~ highest
demand: quadratic equations (23%), factorization
(18%), equation systems (16%), trigonometry
(14%).

The system was deployed during 12 weeks with 90
students from the experimental group, achieving
significant voluntary adoption. Table 2 synthesizes
the fundamental adoption and usage metrics,
including active participation rate, interaction
frequency, average study session duration, and
effectiveness of automated processing through Al
models. These metrics establish the engagement
baseline necessary to evaluate the educational
impact of the system.

Table 2: System Adoption and Usage Metrics

ADOPTI | AVERA | SESSION Al
ON RATE GE DURATI | PROCESSI
SESSIO ON NG
NS SUCCESS
87% 8.3 12.4 94%
78 of 90 +4.1 per minutes 1,247 total
students student +6.2 queries

The analysis of interaction patterns reveals student
preferences between the two main system modules
and the load distribution between specialized Al
models. Table 3 disaggregates the percentage use of
the informative module (guided content for
autonomous learning) versus the automatic
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resolution module (Al-based verification), as well as
the distribution of queries processed by each
specialized model (Llama 2 for algebra vs. Mistral
for geometry/trigonometry). These patterns inform
about actual academic support needs and validate the

dual system design.

Table 3: Usage Metric

Usage Valu | Standar Interpretation
Metric e d
Deviatio
n
Informati | 61% — Preference for
ve module autonomous guided
usage learning
Automati | 39% — Strategic use for
¢ module verification
usage
Llama 2 58% — Predominance of
distributio algebraic problems
n
Mistral 42% — Significant
distributio geometry/trigonome
n try demand

3.2 Impact on Academic Performance
ANCOVA: F(1,178)=18.42, p<0.001, m*=0.094.
Experimental ~ group:  13.2—16.2;  Control:
13.4—14.9. Greater gains in low performers (31%).
Figure 5 compares improvements: experimental
23% wvs. control 11% (p<0.001, n?=0.094),
confirming significant effectiveness.

in ics Grade:
ANCOVA: F(1,177)=18.42, p<0.001, n°=0.094

s

Group Comparison 3y, Stratification by nitlal Performance

Improvement (%)
Improvement (%)
-

-

2
15
10

1l o
“xprsimonts Control
Groo Group.

Low aecium
rerforrance terominze

Figure 5: Multivariate Analysis of Academic
Performance Improvements

3.3 Impact on Mathematical Self-Efficacy
Significant difference: t(178)=7.84, p<0.001,
d=1.18. 78% of experimental group reported greater
confidence vs 42% of control.

Figure 6 shows self-efficacy increase: experimental
+32% vs. control +8%, with lower variability
indicating consistent benefit.
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Figure 6: Temporal Evolution of Mathematical Self-
Efficacy

3.4 System Usability

Average SUS score: 78.3 + 11.2 (85th percentile,
"good-excellent" classification). Strengths: intuitive
interface, clarity of explanations, multiple examples.
Areas for improvement: advanced content, offline
functionality, handwriting recognition.

3.5 Teacher Experiences:

evaluate teacher perception of the automated system,
semi-structured interviews were conducted with the
12 participating teachers at the end of the 12-week
intervention. Five critical dimensions of the system
were investigated: (1) utility of individual
notifications automatically generated by n8n when
students make queries, (2) value of weekly
aggregated reports for identifying institutional
difficulty patterns, (3) perceived impact on
administrative workload reduction, (4) applicability
of data for evidence-based pedagogical planning, and
(5) confidence in open source Al model accuracy
compared to proprietary systems. Table 4 presents
the distribution of ratings (positive, neutral, negative)
for each evaluated dimension, along with
representative  comments  from  participants
illustrating predominant perceptions.

Table 4: Teacher Assessment of Automation and
Monitoring System (n=12)

rest

3.5 AI Model Performance:

Queries processed: 1,247 (total); Llama 2: 723;
Mistral: 524. Success rate: 96% (Router), 91%
(Llama 2), 89% (Mistral). Latency: 0.3/1.8/1.2 s.
Satisfaction: 87%/84%. Cost per query: $0.00 vs
$0.002-0.02.Cost per query analysis and estimated
savings: During the 12 weeks, 1,247 queries were
processed. With locally deployed open source
models (Ollama), the incremental cost per query was
$0.00 (excluding infrastructure). For a commercial
API counterfactual, assuming $0.01 USD per query
(750 average tokens; The estimated commercial cost
would be = $12.47 USD (range $12.47-$24.94 at
$0.01-%0.02/query). Fixed infrastructure costs for 12
weeks are estimated at $30-$60 USD for basic VPS
hosting, or $150-$300 USD if GPU-enabled
instances were required for local model inference.
Failures: non-standard notation (4%), advanced
calculus (2%).

Table 5 presents a detailed comparative analysis of
each model's performance in terms of processed
volume, correct resolution success rate, average
response latency, reported student satisfaction, and
cost-effectiveness analysis compared to commercial
solutions based on proprietary APIs. Commercial
benchmarking data were obtained from technical
reports by leading providers (GPT-4, Claude,
Gemini) to contextualize the performance of
implemented open source alternatives.

Evaluated | Positive | Neutral | Negativ | Highligh Table 5: Comparative Performance Analysis of Open
Aspect Assessm | Assessm e ted Source AI Models
ent ent Assessm Comme
ent nts Performan | Route | Llam | Mistr | Commerci
Individual 83% 17% (2) 0% (0) Specific ce Metric r Al a2 al al
notificatio (10) and (2B) | (13B) | (7B) | Benchmar
ns via n8n timely K*
nformat Queries | 1247 | 723 | 524 —
Automated | 92% 8% (1) | 0%(0) | Reveals processed
weekly an patterns Success 96% 91% 89% 92-95%
reports not rate (%)
detected Average 0.3 1.8 1.2 0.5-2.0
manually latency
Administr | 100% | 0% (0) | 0% (0) 40% (seconds)
ative (12) estimate Student — [ 87% | 84% | 85-90%
workload d time . .
reduction savings SatleOacnon
Usefulness | 83% | 17%(2) | 0% (0) | Actionab (%)
for (10) le data
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Cost per $0.00 | $0.00 | $0.00 $0.002-
query 0.02
(USD)
Total $2,40 —
estimated 0
savings (12 USD
weeks)

3.7 Identified Difficulty Patterns

1) Quadratic equations (18%) — general formula and
completing the square. 2) Factorization (14%) —
trinomials and difference of squares. 3) 3x3 systems
(11%) — Gaussian elimination. 4) Trigonometric
identities (9%) — simplification of compound
expressions.

Figure 7 (treemap) visualizes 1,247 queries: Algebra
58% (quadratic equations 23%), enabling
identification of systematic difficulties.

Figure 7: Hierarchical Analysis of Mathematical
Difficulty Patterns

3.6 Additional Analyses

Strong correlation between time in informative
module and grade improvement (r=0.42**, p<0.001).
Three usage phases: 1-3 adoption; 4-8 stabilization;
9-12 sustained elevated usage. 12-week retention:
78% (95% CI 71-85%).

Figure 8 (correlation heatmap) reveals: informative
time-grades r=0.42** and topic diversity-self-
efficacy r=0.35**, validating varied use.

e
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0,68, p=0.015 | Suce nt: +0.8% week, R'=0.73
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Figure 8: Correlation Matrix between System
Usage Variables and Learning Outcomes

Figure 9 shows 12-week evolution with Al success
rate >90% sustained, identifying phases: adoption (1-
3), stabilization (4-8), maturity (9-12).

Figure 9: Time Series Analysis - Weekly Evolution of
Usage Metrics and Al Performance.

Figure 10 (Kaplan-Meier) stratifies retention: high
engagement 92%, medium 78%, low 58%,
identifying first 3 sessions as critical predictors.

in-Meler Survival Curves: User Retention by Engagement Level
Log-~ ranic st X°=12.8, p=0.002 | Overall 12-week retention: 78% (95% Cl: 71-85%)

Retention Percentage (%)

3 i
[P —

Figure 10: Kaplan-Meier Survival Curves
4.DISCUSSION

4.1 Technological Innovation: n8n as
Automation Engine

The most significant finding is the validation of n8n

as a viable platform for intelligent educational

automation. Unlike monolithic systems requiring

extensive custom development, n8n enabled

implementation of complex workflows through

visual configuration, reducing development time by
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approximately 60% compared to traditional educational mobile technologies [10,11]. This result

approaches [43]. This democratization of automation
represents a paradigmatic shift in how scalable and
maintainable EdTech ecosystems can be developed
[44].
n8n's event-based architecture facilitated seamless
integration between heterogeneous components
(mobile application, Al models, email services,
databases), overcoming typical EdTech solution
fragmentation [45]. n8n's capability to operate
autonomously without human intervention 24/7
generated operational efficiencies impossible in
manual systems, validating previous research on
automation benefits in institutional contexts [46].
4.2 Open Source Al: Democratizing Access to
Advanced Capabilities
The successful implementation of Llama 2 and
Mistral with success rates of 91.2% and 88.7%
respectively demonstrates that open source models
have reached sufficient maturity for productive
educational applications [47]. These results are
consistent with recent evaluations of Llama 2 and
Mistral in domain-specific tasks reported by Touvron
et al. [22] and Jiang et al. [23], who documented
competitive performance relative to commercial
alternatives at a fraction of the cost. In the context of
this study, the Router Al achieved a 96% correct
routing rate, distributing 1,247 queries across both
models without human intervention and maintaining
average latencies below 2 seconds—a threshold
considered acceptable for interactive educational
applications. Estimated savings of $2,400 in API
costs during just 12 weeks project annual savings
exceeding $9,000 per institution, a critical factor for
scalability in resource-limited contexts such as public
secondary schools in Peru [48]. This finding supports
the argument raised by Holmes et al. [41] regarding
the dependency of EdTech solutions on proprietary
systems as a barrier to equitable access, and provides
empirical evidence that open source architectures can
overcome this barrier without significant loss of
functional quality.
The intelligent routing strategy via Router Al
optimized the balance between precision and latency,
assigning problems to specialized models according
to their strengths. This "model orchestration"
approach represents an emerging architectural
practice in ML engineering deserving greater
attention in EdTech literature [49].
4.3 Educational Impact and Gap Closure
The 23% academic performance improvement
recorded in the experimental group exceeds the
typical range of 10-15% reported in meta-analyses of

suggests that the holistic integration of multiple
components—guided learning, automatic Al
resolution, and teacher monitoring—generates
synergistic effects superior to isolated interventions
[50]. Comparable studies focused solely on mobile
applications or intelligent tutoring systems report
moderate effects (d=0.40-0.60) [14,15], whereas the
combined architecture in the present study yielded a
notably larger effect (ANCOVA: F(1,178)=18.42,
p<0.001, 1?>=0.094). The particularly pronounced
improvement in low-performing students (31% vs.
10% in high performers) aligns with findings from
Pane etal. [51] and Ritter et al. [52], who documented
the compensatory potential of intelligent tutoring
systems for closing educational gaps. The substantial
self-efficacy increase (d=1.18) significantly exceeds
typical effect sizes in attitudinal measures (d=0.2-
0.6), consistent with the proposed mechanism of on-
demand support resources reducing mathematics
anxiety and increasing academic confidence, as
documented in related literature [53]. The SUS
usability score of 78.3 (85th percentile) aligns with
findings from similar student-facing dashboard
studies [44], confirming that the interface design
meets standards of acceptance for secondary school
students.

4.4 Limitations and Future Directions
Limitations: (1) Limited duration (12 weeks) does
not permit conclusions about long-term
sustainability, (2) quasi-experimental design limits
definitive causal inferences, (3) specific urban
context requires validation in rural and resource-
limited contexts, (4) Al models show limitations with
non-standard notation and very advanced calculus.
5. FUTURE DIRECTIONS

Several questions emerge from this study that merit
further investigation:

5.1 Technical Implementation Challenges

. Development of offline functionality
for areas with limited internet
connectivity

. Implementation of  handwriting
recognition for mathematical notation
input

. Integration with existing school
management systems and learning
management platforms

. Optimization of Al model inference for
lower-end mobile devices
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5.2 Methodological Extensions

. Longitudinal studies (1-2 years) to
assess sustained learning gains and
retention

. Implementation in rural and resource-
limited educational contexts

. Randomized controlled trials with
larger sample sizes for enhanced causal
inference

. Cross-cultural validation in other Latin
American countries

5.3 Content and Model Expansion

. Extension to other STEM disciplines
(physics, chemistry, biology)

. Fine-tuning Al models with local
educational data for improved accuracy

. Development of adaptive difficulty
systems based on student performance

. Integration of multimodal inputs
(voice, images, handwriting)

5.4 Research Opportunities

. Investigation of optimal notification
frequency and content for teacher
engagement

. Analysis of peer effects and
collaborative learning through the
platform

. Exploration of gamification elements
to enhance student motivation

. Assessment of long-term impact on
STEM career intentions

6. CONCLUSION

This study set out to design, implement, and evaluate
an educational mobile application integrating Flutter,
n8n workflow automation, and open source Al
models (Llama 2, Mistral) for mathematics teaching
in secondary education. The results confirm that this
integrated architecture is technically viable,
educationally  effective, and  economically
sustainable. The three research objectives were
addressed: (O1) a fully functional multi-component
system was developed and deployed to 90 students
across three institutions; (O2) the intervention
produced a  statistically  significant  23%
improvement in academic performance
(F(1,178)=18.42, p<0.001, ©*=0.094) and a large
effect on mathematical self-efficacy (d=1.18); and
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(O3) the system achieved 87% voluntary adoption, a
SUS usability score of 78.3, and demonstrated cost
savings of over $9,000 per year compared to
proprietary API alternatives.

Regarding RQI1, the proposed architecture
successfully integrates n8n workflow automation
with open source Al models and Flutter-based
mobile interfaces, achieving 99.7% availability and
processing 94% of mathematical queries
successfully, demonstrating technical viability for
production deployment.

Concerning RQ2, intelligent automation combined
with dual assistance systems produced substantial
improvements: 23% increase in academic
performance (exceeding the typical 10-15% range
for educational mobile technologies), d=1.18 effect
size for self-efficacy, and 40% reduction in teacher
diagnostic time. The differential impact favoring
low-performing  students (31% vs. 10%
improvement) suggests compensatory potential for
closing educational gaps.

Regarding RQ3, adoption patterns revealed 87%
overall adoption rate with three distinct phases
(adoption, stabilization, sustained usage). Open
source Al models achieved accuracy comparable to
proprietary systems (Llama 2: 91.2%, Mistral:
88.7%) while eliminating API costs, projecting
annual savings exceeding $9,000 per institution.

Despite these results, several limitations must be
acknowledged. First, the 12-week duration does not
allow conclusions about the long-term sustainability
of learning gains. Second, the quasi-experimental
design with non-random assignment at the section
level limits the strength of causal inferences, even
after propensity score matching. Third, the study was
conducted exclusively in urban secondary schools in
Huancayo, Peru, which restricts generalizability to
other geographic and socioeconomic contexts.
Fourth, the sample of 12 teachers, while sufficient for
thematic analysis, limits the representativeness of the
monitoring system evaluation. Future research
should address these limitations through longitudinal
randomized controlled trials in diverse settings,
including rural and resource-limited schools.

The main methodological contribution is validation of

n8n as emerging educational technology that
democratizes access to complex automation,
eliminating technical and economic barriers that
have traditionally limited EdTech innovation in
resource-limited contexts.

In summary, this work contributes empirical evidence
that n8n-based workflow automation represents a
viable and accessible platform for building cohesive
educational ecosystems in contexts where
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proprietary solutions are economically unfeasible.
The teacher monitoring subsystem, which processed
1,247 student queries and generated automated
weekly reports, reduced teacher diagnostic workload
by 40% while providing data-driven insights into
institutional difficulty patterns. These findings
confirm that intelligent automation complements
rather than replaces teacher pedagogical expertise,
and that the integration of open source Al with
mobile educational tools offers a scalable, cost-
effective path toward personalized mathematics
learning in secondary education.
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