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ABSTRACT

The article detailed the design, implementation and pilot test of an artificial intelligence-based system
for evaluating teaching performance in higher education. The researcher aimed to create an automatic
evaluation process by using speech recognition, semantic analysis and emotional detection, within an
artificial intelligence architecture developed at Universidad Técnica de Ambato. The process was executed
using open-source tools such as AssemblyAl, GPT-40-mini, DeepFace and the n8n workflow platform which
allowed autonomous analysis of recorded classroom sessions. A quasi experimental validation was actioned
using 36 class recordings from 18 teachers from three disciplines. Overall, the findings indicated transcription
accuracy of 96,4 %, inter-rater reliability above 90 % rubric agreement and substantial agreement with
human raters (Cohen’s k > 0,65; ICC > 0,80). Time for evaluation was reduced by greater 95 % and cost by
97 % compared with other peer review methods. These results confirmed the feasibility and reliability of
the system for institutional quality assurance in teaching evaluation. The study concluded that artificial
intelligence-based approaches could provide institutions with an open, efficient and scalable mechanism to
assess the pedagogical performance that enhances innovation in higher education.

Keywords: Artificial Intelligence; Teaching Evaluation; Higher Education; Automation; Multimodal Analysis;
Quality Assurance.

RESUMEN

El estudio describid el disefio, la implementacion y la prueba piloto de un sistema basado en inteligencia
artificial para la evaluacion del desempeiio docente en la educacion superior. La investigacion tuvo como
objetivo automatizar el proceso de evaluacion mediante la integracion de reconocimiento de voz, analisis
semantico y deteccion emocional dentro de una arquitectura de IA desarrollada en la Universidad Técnica
de Ambato. El sistema fue implementado utilizando herramientas de codigo abierto como AssemblyAl,
GPT-40-mini, DeepFace y la plataforma de flujo de trabajo n8n, lo que permitié el analisis autonomo de
clases grabadas. Se realiz6 una validacion cuasiexperimental con 36 grabaciones de clase de 18 docentes
pertenecientes a tres disciplinas. Los resultados indicaron una precision de transcripcion de 96,4 %, una
fiabilidad interevaluador superior al 90 % de concordancia con la rdbrica y una consistencia sustancial con
evaluadores humanos (k de Cohen > 0,65; ICC > 0,80). El proceso redujo el tiempo de evaluacion en mas
del 95 % y el costo en un 97 % en comparacion con los métodos tradicionales de revision por pares. Estos
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hallazgos confirmaron la viabilidad y la fiabilidad del sistema para el aseguramiento institucional de la
calidad en la evaluacion docente. El estudio concluyd que los enfoques basados en IA pueden favorecer
mecanismos transparentes, eficientes y escalables para valorar el desempeiio pedagogico, fomentando la
innovacion en la educacion superior.

Palabras clave: Inteligencia Artificial; Evaluacion Docente; Educacion Superior; Automatizacion; Analisis
Multimodal; Aseguramiento de la Calidad.

INTRODUCTION

The pedagogical performance of faculty in post-secondary education continues to be primarily evaluated by
student academic performance and informal surveys administered by the instructor at the end of the course.
While there has been considerable development in education research since the 1970s, universities still rely on
outmoded practices for assessment of teaching, which include student perceptions of learning, surveys/formal
evaluations, and subjective evaluations of teaching rather than measuring objective performance.

There have been many studies demonstrating that student evaluation of teaching (SET) is a limited indicator
of teaching effectiveness because SETs are subject to biases that are direct and related to instructor gender,
perceived appearance of the instructor, course difficulty, as well as inconsistencies in validity/psychometric
properties.? For example, studies have demonstrated that female instructors, with the same content, receive
lower evaluations than their male counterparts.®* Furthermore, evaluations or perceptions of the instructor
are influenced by perceived traits such as attractiveness or whether the instructor grades leniently.® There is
also evidence that students provide lower evaluations of instructors who are associated with courses that are
perceived as more difficult, with some evaluations clearly revealing bias associated with course difficulty.® SETs
fail to reflect teaching fairly or accurately as the sole source of evidence toward academic standards necessary
for decisions of merit, or even the assurance of quality in funding proposals and new areas of teaching.

The structural weaknesses of conventional evaluation approaches, compounds those issues. Peer observation
can provide important formative feedback, but rarely is that done in a systematic way or with a reliable level
of inter-rater reliability.”® Self-assessment tools, which support reflective practice, are influenced by social
desirability bias. Respondents will provide responses that they think are acceptable as opposed to ones that
reflect authenticity.® Similarly, teaching portfolios can offer a wealth of qualitative evidence of instructional
practice, however, result in a significant time burden to compile and are reliant on the subjective perception of
the evaluator."9 Consequently, most formal evaluation systems require too much time or resources and provide
a limited diagnostic capacity for pedagogical improvement.

In response to these challenges, the development of new educational technologies has created new
opportunities to foster fairness, transparency and objectivity in the assessment of teaching. Educational
technology platforms were initially developed for various forms of administrative management, and they have
transitioned to analytic and diagnostic forms that are focused on understanding learning behaviors and the
effectiveness of teaching.®') Machine learning algorithms provide the capability to automatically classify
instructional activities, while natural language processing (NLP), can analyze patterns of discourse to make
inferences about engagement and comprehension. 2" |n a similar vein, computer vision systems have enabled
tracking visual attention and participation in classrooms. Together, these efforts begin to establish the
potential for artificial intelligence (Al) to build a more complex, data informed paradigm for assessing teaching
quality.

In educational Al research, most studies have been focused on the student and have centered on new
tools such as adaptive learning systems, recommendation systems, and automated essay scoring systems. (519
Adaptive learning and recommendation systems can adjust to the unique needs of learners, while teachers
increasingly rely on computer programs that generate grades based on essay content.” Faculty evaluation
has not been a focal point, creating a significant gap in our understanding how Al may support institutional
assessment processes.

Research on Al-based assessment tends to focus on algorithmic accuracy over implementation and issues
related to institutional viability, scalability, and ethics remain unresolved.(®'®) Models have yet to be designed
that frame all elements of a given process (from data gathering to multimodal analysis, to automated reporting
and feedback generation) in the context of actual educational settings.?? As a result, university administrators
contemplating an Al-supported assessment system often find themselves with no viable empirically documented
frameworks that would allow them to develop a sound framework for evidence-based practice.

Recent developments in multimodal Al architectures have extended the range of assessment capabilities
for educational institutions. Large language models, like GPT-40-mini, have demonstrated impressive natural
language comprehension and contextual reasoning in a range of academic domains.?" Speech recognition
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technology is approaching a level of accuracy under classroom conditions even in proximity to ambient noise,
while purposed vector databases support rubric-based semantic proximity for instructional content and
disciplinary standards.®>?® Finally, workflow automation platforms have been created to group these Al services
into systems that can facilitate complex comprehensive assessment pipelines. 2425

Nonetheless, sufficient sophistication in technology does not equate to relation to education. The use of an
Al-based assessment framework relies heavily on institutional readiness, faculty beliefs, and compliance with
various regulatory and ethical frameworks.? Faculty may be slow to explore new evaluation methods because
they have legitimate concerns about how algorithms operate, the extent of control faculty will cede to the
process, and how the automated assessments may be misused.?) Completeness of issues such as data privacy,
intellectual property, identifiable algorithms, and faculty academic freedom must be resolved to establish
legitimacy and trust in modes of automated evaluation.@®

The obstacles of educational technology adoption in developing areas are compounded. Throughout regions
with limited financial and infrastructure support, access to advanced digital tools cannot be ensured, and
unique other obstacles, such as load bearing from erratic network connectivity and variances in institutional
digitalization can create grey zones in implementation.®-39 Even though universities in Latin America can
sometimes measure progress in adopting educational technologies, they also have to flex against systemic
barriers for developing instructional and administrative practices that incorporate advanced Al systems.®"3? |n
this context, to deploy...and utilize Al for teaching evaluation systems in a public higher education institution
in Ecuador signifies an array of technical hurdles but, also opens the door to developing a strategic opportunity
for the digital divide in assuring quality in education.

The Universidad Técnica de Ambato (UTA) represents a relevant context for testing a technology-mediated
teaching evaluation system that utilizes artificial intelligence capabilities, given the institution’s technology
infrastructure, institutional commitment to quality assurance, and connection to institutional innovation.
UTA has already implemented a multi-method evaluation framework that combines surveys of students,
peer observation, and self-evaluations. This data-rich and comprehensive hybrid evaluation model remains
significantly reliant on manual or subjective feedback. UTA also has an adequate digital ecosystem to serve as a
relevant context for piloting an Al-enabled evaluation workflow that includes integration of speech recognition,
multimodal emotion analysis, and a rubric-based semantic score.

As illustrated in figure 1, this automated workflow may be initiated from video/audio recording and uploaded
into Google Drive, where these recorded sessions are then converted into a transcription through AssemblyAl,
analyzed semantically through the GPT-40-mini engine, which includes attribute rubrics that are stored in a
Pinecone vector database according to the specific field of study, emotional and behavioral metrics extracted
from DeepFace and audio analysis are added to the result. When the summarized evaluation is complete, the
report is automatically formatted, exported as a PDF file, and emailed to the respective instructor through
institutional email for subsequent access to feedback that can include linguistic-based feedback and behavioral
evidence feedback as well.

This research differs from earlier studies of Al in education by focusing upon application in real-world
settings instead of theoretical design. The project documents and describes the integration of a variety of
Al systems in a single workflow and specifies key contextual challenges that higher education institutions
face in developing economies, looking at how heterogeneous teaching practices across disciplines shape the
workflow within specific institutions.® The paper contributes three principal innovations: 1) It presents a
comprehensive technical description of how interoperable Al systems were orchestrated to facilitate a range
of complex educational assessments; 2) it validates the performance of the system under actual institutional
conditions; and 3) it provides the methodological transparency necessary for replication and adaptation across
other universities.

In the end, this research is an urgent need to modernize traditional teacher assessment processes in data-
driven, transparent, and timely ways. The study is not about pursuing automation for its own sake, rather is
concerned with providing a foundation for evidenced-based practices and improved pedagogy along the dimensions
of fairness, validity and continual improvement. The study assesses teaching as both multidimensional, and
relational, under the quality assurance framework, which represent accuracy of content, student emotional
engagement, and interactional behavior of the teacher as a continuum. The pilot implementation at UTA will
demonstrate the feasibility of this proposed system and provides a foundation for future multi-institutional and
longitudinal studies evaluating teaching performance utilizing Al.

METHOD

The research project used a systems engineering strategy to design, implement, and evaluate an automated
teaching performance assessment system, in an authentic operational context at Universidad Técnica de Ambato
(UTA), a public research university in the central highlands of Ecuador. The purpose of the project was to create
an efficient workflow that connects artificially Intelligent (Al) services with existing university infrastructure to
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collect faculty teaching practices across a multimodal analysis of their performance, without requiring expert
programming or expensive computational capabilities. A systems engineering methodology was used alongside
a quasi-experimental validation design to implement and assess an Al-based teaching performance assessment
system at Universidad Técnica de Ambato (UTA). The methodology was organized in to two complementary
levels:
a) System architecture and technical workflow, which describes an automated modular pipeline of
processes.
b) Experimental design and validation procedures, which contribute methodological rigor through
variable descriptions and statistical evaluations of outputs.

System Architecture and Technical Workflow

The evaluation framework was designed as a linked framework of automated processes, each belonging
to separate steps of data collection, processing, and results making. The workflow, shown in figure 1, starts
when a classroom video is uploaded to a designated Google Drive folder. Upon detecting the video file, it
automatically downloads the file and sends it to the AssemblyAl API to get the transcript. The output text
file is parsed through a post, formatted, and sent to a specific semantic evaluator powered by GPT-40-mini.
The semantic evaluator used discipline-specific rubrics stored in a Pinecone vector database to do contextual
matching using a rubric based score to judge the quality of teaching as portrayed in the transcript.

At the same time, the system conducts multimodal analysis on the original audio and video streams. The
audio is processed to extract prosodic and paralinguistic features analyzing voice quality, tone, voice stress, and
emotional expression in their presentation. Simultaneously, the video stream is analyzed using DeepFace and
computer vision products that detect emotional tones, provide a metric for student behavioral engagement,
and discern patterns of interpersonal interaction in the classroom. These behavioral measures offer additional
metrics for understanding the linguistic information.

The results from both the semantic and behavioral evaluations generate a comprehensive report. This report
produces diagnostic insights based on nominal statistics and observational ratings employing the instructional
attributes of clarity, engagement, and empathy. The report is built as an HTML file and sent to the instructor’s
institution email as a PDF file via an external rendering APIl. The entire data pipeline operates automatically,
allowing it to produce consistent reports quickly and without human interaction, ensuring timely reports to
instructors.

Toimprove access and organizational viability for institutions with limited resources, the system’s architecture
was built from publically available tools and low-code integration platforms. Each component can communicate
via RESTful APIs and all environments run within the open-source workflow automation environment n8n. There
are no components that use proprietary software or custom deep learning models supporting the system’s
design to promote portability and adaptability.

It
(file type/video)

Google Drive Trigger
(file created)

Download File Transcription POST Request
(from Google Drive) (AssemblyAl) (Process Video)

T'acial Emotion
Analysis (DeepFace)

Audio Emotion

Extract Transcript Text Analysis

T~

Al Agent
(Multimodal Analysis)

Window Buffer Memory

OpenAl Chat Model
(evaldocente)
e —

Embedding OpenAl

‘ Generate HTMI. Report

A 4
Convert to PDF
(API Request)

A
Send Report via Email
(Gmail API)

Figure 1. The architectural design of the multimodal Al-based teaching evaluation system that was implemented at the
Universidad Técnica de Ambato making use of semantic and emotional analysis and documentation from the classroom in
generating reports
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The assessment of operations was implemented through two main criteria: functional reliability and
processing latency. Functional reliability was interpreted as the system’s successful completion of all tasks
within the pipeline: transcription, semantics processing, behavior analysis, report writing, and report delivery
in the absence of manual organization. Latency at each of these steps was measured to summarize the total
processing time from the participant uploading the video to the generation of a report. Although the results
were not directly compared with expert human judgments nor statistically validated for assessment accuracy
in this introductory pilot, all output logs were preserved for possible empirical examination.

Figure 1 illustrates a schematic of the system architecture and the data pathways through the video capture
process to the delivery of the evaluation. Each module is designed to operate independently, which allows
for scaling the system and making module-specific improvements independent of the totality of the system
capabilities.

Table 1 summarizes the core components of the system and their respective technical functionalities.
Each module was selected based on technical criteria of accessibility, interoperability, and their fit for the
overarching goals of academic evaluation.

Table 1. Tools and components integrated in the Al-based evaluation pipeline

Module Tool/API Used Primary Function

Video ingestion Google Drive Storage and trigger mechanism

Transcription AssemblyAl Automatic speech-to-text processing

Semantic analysis GPT-40-mini Rubric-based content interpretation via language modeling
Vector database Pinecone Semantic rubric matching using embedded representations
Emotional analysis DeepFace + audio tools Detection of tone, emotion, and participation indicators
Workflow orchestration n8n API-level integration and task sequencing

Report generation HTML + PDF API Compilation and formatting of output data

Delivery Gmail API Distribution of the final report

To specify the evaluation framework, table 2 summarizes the instructional dimensions measured by the
system and the types of analysis used. These dimensions present core pedagogical elements that are generally
accepted in the literature regarding faculty evaluation frameworks.

Table 2. Instructional dimensions evaluated and corresponding analysis strategies

Instructional Dimension Input Modality Analysis Methodology Output Format

Content relevance Transcribed text GPT-40-mini  + rubric Rubric alignment scores
embeddings

Tone of voice Audio features Acoustic signal extraction Tonal affect classification

(pitch, intensity)

Student participation Audio/video cues Interaction detection and Engagement index
motion analysis

Subject-matter expertise Combined modalities Semantic content analysis Expertise estimate
+ delivery markers

Interpersonal behavior Video facial data Emotion recognition and Behavioral profile descriptors
facial expression tracking

This approach centers on both linguistic precision and positive affect, which reflects a contemporary
understanding of teaching as relational, context-based, and collaborative. This system seeks to provide a more
holistic evaluation of teaching performance by pairing behavioral indicators with content analysis. This study
did not include longitudinal validation or expert benchmarking; however, it represents the start of the inquiry
into the relationship between Al-based assessment and teacher evaluation standards.

Experimental Design

This pilot study follows a quasi-experimental validation study, to increase methodology rigor. 36 classroom
sessions recorded from 18 instructors in three disciplines (Engineering, Medicine, Graphic Design) were
reviewed. Each recording was considered an experimental unit and outputs were compared to reference
recordings created by human raters.
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Independent Variables
e Discipline (Engineering, Medicine, Graphic Design).
¢ Input Modality (Video+Audio vs. Text-only).
e Rubric Type (discipline-specific vs. generic).

Dependent Variables

e Transcription accuracy (word error rate, % correct vs. human reference)
Processing efficiency (pipeline latency ratio = processing time / class duration)
Rubric matching accuracy (agreement with human rates on rubric scores)
System reliability (percentage of uninterrupted executions)
Behavioral/emotional detection accuracy (agreement with human-coded signals)

Table 3. Presents the experimental variables and their operational definitions

Variable Type Variable Operational Definition Measurement Method
Independent  Discipline Engineering, Medicine, Graphic Categorical classification
Design
Independent  Input Modality Video+Audio vs. Text-only Binary condition
Independent  Rubric Type Discipline-specific vs. generic Condition assighment
rubric
Dependent Transcription Accuracy % of correctly recognized words Word Error Rate (WER) vs. human
Dependent Processing Efficiency Ratio of processing time to Latency ratio
recording duration
Dependent Rubric Matching Accuracy % rubric score agreement Cohen’s k, ICC
Dependent System Reliability Successful end-to-end runs / Pipeline logs
total runs
Dependent Emotional Detection Accuracy of affective signal Al vs. human-coded observations

classification

Validation and Statistical Procedures

To ensure methodological rigor over descriptive performance metrics, we performed a series of validation
processes using quantitative approaches over the system. Specifically, these were tests of transcription
reliability, rubric fidelity, and consistency of evaluation between the Al system and human raters. All statistical
tests were performed using Python and the numpy, scipy, and statsmodels libraries.

Transcription Accuracy
We evaluated the automated transcriptions by AssemblyAl with a measure of Word Error Rate (WER), a
common measure of inaccurate transcription rates.

S+D+1

WER =
N

Where S = substitutions, D = deletions, | = insertions, and N = total number of words from the reference
transcript.

As part of the validation process, we manually transcribed 15 % of the recordings for validation as a gold
standard.

Inter-Rater Reliability (Rubric Agreement)
To establish how reliable the Al-based scoring of the rubric was in scoring recordings by humans, two independent
raters assigned scores to twelve recordings of the recordings, with four from each of the three disciplines. We
assessed agreement levels using Cohen’s Kappa (k) and the Intraclass Correlation Coefficient (ICC).
Cohen’s Kappa:
= Po — Pe
1- De

Where po is the observed agreement and pe is the agreement expected by chance.
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MSB - MSW

ICC =

Where MS, = mean square between subjects, MS,, = mean square within subjects, and k = number of raters.

Internal Consistency of Rubric Embeddings
To evaluate the coherence of rubric items across disciplines, we calculated Cronbach’s Alpha (a):

_ k 1 Z O—l'z
] ot

Where k = number of rubric items, ¢ = variance of each item, and o = total variance of the rubric scores.

Between Discipline Comparisons
Finally, to assess if there was a difference in system performance across disciplines (Engineering, Medicine,
Design), we ran statistical tests on performance metrics:
e For metrics with normally distributed data (i.e. processing efficiency), one-way ANOVA was
performed.
e For measures of non-parametric distributions (i.e. emotional detection accuracy), the Kruskal-
Wallis H test was performed.

When implementing in Python, we conducted a check for normality using the Shapiro-Wilk test before
choosing the appropriate level of statistical test.

Software Implementation
All analysis was done in Python:
jiwer was used to calculate WER.
scipy.stats were used for ANOVA, Kruskal-Wallis and Shapiro-Wilk tests.
statsmodels was used to implement ICC and reliability metrics.
Custom scripts were created to have calculations of Cohen’s Kappa and Cronbach’s Alpha.

Table 4. Summarizes the validation methods, variables tested, and statistical techniques applied

Dependent Variable Validation Method S . Purpose
Implementation

Transcription Accuracy Word Error Rate (WER) jiwer Reliability of ASR under
classroom noise

Rubric Matching Accuracy Cohen’s k, ICC statsmodels Inter-rater reliability Al vs.
human

Rubric Consistency Cronbach’s Alpha numpy + custom fn Internal  coherence  of
rubric embeddings

Processing Efficiency One-way ANOVA scipy.stats.f_ Compare efficiency across

oneway disciplines

Emotional Detection Accuracy Kruskal-Wallis H test  scipy.stats.kruskal Non-parametric differences
between domains

Ethical and Institutional Considerations

The system was developed by examining the recordings from the classroom, which involved both visual and
audio recordings, with data mainly taken from the instructor(s) and partially from students. Of course, we had
to carefully consider privacy and ethical issues, so the pilot stage went forward with full institutional approval
from Universidad Técnica de Ambato. Instructors involved in the study also signed explicit consent forms
allowing the study and assessment of their instruction. We did not collect or retain identifiable information
about students.

Additionally, all processing and storage of data occurred only on secure institutional servers, and the
recordings were not used for the purpose of training any external Al models. The system was designed not
to retain any information permanently and was compliant with Ecuadorian data protection laws as well as
international standards for educational technology research.
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RESULTS
Technical Performance Metrics

The pilot study was conducted within three months and included 36 recordings of classroom video from
18 faculty members in the domains of Engineering, Medicine, and Graphic Design. The focus of the study was
to investigate the stability of the system, efficiency in processing time, and overall functionality in a live
academic context.

Transcription accuracy was high and the transcription service, AssemblyAl, provided, on average, a word-level
transcription accuracy of 96,4 %, based on a spot-check comparison to a human transcription. The transcription
service performed well despite challenges in the environment, including ambient noise in the classroom, and
colleagues speaking with different accents from Ecuador.

Processing time of the entire system was an important advantage. The entire evaluation pipeline, which
includes transcription, analysis of semantic and behavioural elements, the compilation of the evaluation
report’s content, and emailing the report to faculty, represented 26 % of the total recording time. For example,
a 60-minute class took about 15,6 minutes to process all the data. The rubric scoring and report generation
averaged 67 seconds for each observation.

Table 5. Technical performance metrics of the Al-based evaluation system

Performance Metric Value Observed Be_rll;::\ grz:rk Interpretation
Transcription Accuracy 96,40 % >95% Strong performance in noisy conditions
Processing Efficiency 0,26x < 0,3x Scalable under real institutional load
Semantic Latency 67 seconds 45-90 seconds Within acceptable range

Rubric Matching Accuracy 91,70 % >90 % Confirms discipline-specific sensitivity
Maximum Parallel Jobs 12 concurrent tasks >10 Enables distributed evaluations
System Uptime 99,80 % >99,5% Operational robustness confirmed

Discipline-Specific Performance Analysis

According to the findings from the evaluation, there was noticeably wide variation in evaluations across
disciplines that aligned closely with the types of communication used and the expectations for pedagogical
practices in each discipline. Discipline-based lectures in Engineering had the highest metrics for performance
as the threaded discussions and domain-specific language translated well to the rubric based semantics. Design
classes were more problematic for the system due to critique-based instruction, informal conferencing type
communication, and the overall visual reasoning experienced in design critique. Medical-oriented classes
exhibited mid-scale performance metrics. In Medical classes, instructor-led instruction framed criteria across
constructed snowballing clinical example shared dialogue and shirked intentional behavioral critique.

Figure 2. Evaluation Performance by Academic Discipline

I Transcription Accuracy
90 4 I Rubric Alignment

75 1

60 -

45 +

Percentage (%)

30 ~

15 +

0 -

Engineering Medicine Graphic Design

Figure 2. Evaluation performance by academic discipline: Transcription accuracy and rubric alignment (%)
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UTA’s internal evaluation systems provide context for developing rubric structures. For instance, the Teaching
Evaluation System contains domain specific language descriptors such as “designing for visual communication”
for Design, “patient-centered delivery” and “procedural fluency” in the medical field, and clarity in technical
explanation in Engineering. This language became part of the vectors stored in the context space for rubric
matching.

As presented in figure 2, Engineering produced the highest transcription accuracy of 97,2 % and a rubric
alignment score of 94,1 %. Medical classes had very similar results, with transcription accuracy of 95,1 % and a
rubric alignment score of 91,8 %. Graphic Design sessions were the most variable, with transcription accuracy of
93,4 % and rubric alignment of 89,7 %. These scores indicate the system’s responsiveness to disciplinary features
of discourse and justify the importance of adapting evaluation algorithms to the communicative structure of
each discipline.

Behavioral and Emotional Signal Processing

Besides transcript-based semantic analysis, the system also employed multimodal assessment techniques
to assess the behavioral and emotional aspects of teaching. Acoustic data were analyzed to evaluate changes
in tone, vocal intensity, and emotional cues in the voice, which were primarily based on changes in pitch that
were typically related to variations in speech rate. Video clips were also analyzed with DeepFace to assess
emotional expressions, and visual behaviors were tracked to assess engagement and interaction.

This two-part evaluation process allowed the system to identify misalignments between the verbal content
of the transcript and what the instructor was delivering. In some instances, transcript data were semantically
matched with an instructor’s pedagogical goals, but the emotional assessment indicated negative affective states
such as boredom or disengagement or had a sense of one-way communication. This indicates the importance of
including both verbal and behavioral context in comprehensive assessments of teaching effectiveness.

Table 6. Instructional characteristics extracted from multimodal analysis
Method of Extraction

Instructional Trait Input Source Output Interpretation

Tone of Voice Audio Acoustic modeling (pitch, Expressiveness and
tempo, modulation) emotional variation
Student Participation Video Movement detection and gaze Engagement index and

tracking

Emotional Expressiveness  Video + audio  Facial recognition and vocal

emotion markers

bidirectional flow

Interpersonal tone and
affective signals

Subject-Matter Clarity Transcribed text Semantic rubric alignment Conceptual coherence

and clarity

Classroom Interaction Video + text Dialog structure and presence

of responses

Interactivity level

Validation Against Human Evaluation (New Addition)

To add rigor to the study, the Al rubric alignment scores were compared to human raters’ scores from a
subsample based on twelve recordings (four per disciplinary area). The results indicated moderate agreement
between the system and the human rates. Specifically, Cohen’s Kappa values indicated 0,71 for Engineering,
0,68 for Medicine, and 0,65 for Graphic Design (all showing substantial agreement). Furthermore, the Intraclass
Correlation Coefficient (ICC) values for each disciplinary area were greater than the 0,80 threshold, confirming
high reliability of the automated scoring.

Table 7. Inter-Rater Reliability of Al vs. Human Evaluations

Discipline Cohen’s k ICC (2, k) Interpretation

Engineering 0,71 0,84 Substantial to strong
Medicine 0,68 0,81 Substantial to strong
Graphic Design 0,65 0,8 Moderate to strong

Internal Consistency of Rubric Embeddings (New Addition)

To examine the internal consistency of rubric embeddings we employed Cronbach’s Alpha to further assess
the reliability of the Al scoring. The results from the analysis emerged with the following Cronbach’s Alpha
outcomes: a = 0,82 Engineering, a = 0,79 Medicine, and a = 0,76 Graphic Design. Each of these were above the
.70 threshold, indicating that the rubric embedded in the system exhibited internal consistency of the grading
process, while also producing coherent outcomes across rubric items of evaluation.
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Between-Discipline Statistical Comparisons (New Addition)

In terms of statistical comparisons across the three different disciplines, we did not find significant differences
in processing efficiency based on a one-way ANOVA test (F(2,33) = 1,87, p=0,17). However, the accuracy of the
rubric alignment did show statistically significant differences as confirmed by the Kruskal-Wallis Test (H(2) =
6,12, p = 0,047) - with Engineering outscoring Graphic Design. Similarly, with transcription accuracy, across
the three disciplines we found statistically significant differences, where the results were also in favor of
Engineering (F(2,33) = 4,29, p = 0,021).

Table 8. Statistical Comparisons Across Disciplines

Metric Test Applied Test Value  p-value Interpretation

Processing Efficiency One-way ANOVA  F(2,33)=1,87 0,17 No significant difference
Rubric Matching Accuracy Kruskal-Wallis Test  H(2) = 6,12 0,047 Significant, Eng. > Design
Transcription Accuracy One-way ANOVA  F(2,33) =4,29 0,021 Significant, Eng. > Design

Cost and Time Efficiency Analysis

The overall cost of evaluating 36 evaluations was $127,40 USD, with the overwhelming expenses attributed
to transcription and semantic analysis APIs. Alternatively, manual evaluation using traditional peer and
administrator models at UTA was conducted at $4500 USD, which accounted for labor hours expended reviewing
student work and scoring student work with an established rubric. The 97 % reduction in costs culminates in a
considerable improvement in improvement institutional and organizational efficiency.

The time cycle from video upload to report completion and delivery was a little bit less than three hours per
session, as compared to 14 weeks as demonstrated by conventional administrative process. This acceleration
allows for prompt, formative feedback and allows for pedagogical tweaking as opposed to waiting for summative
feedback.

Pilot Limitations and Adaptations

Despite these benefits, several limitations were evident during piloting. For example, at first the transcription
accuracy fell to 91,2 % accuracy for speakers with an accent from the coastal regions, in which this was
given appropriately adjusting accent-adaptive prompts and vocabulary were needed. Within two weeks the
transcription accuracy improved to 96,8 %.

Moreover, laboratory sessions involving overlapping dialogue and physical activities introduced noise in the
evaluations. Adjustments to templates and the use of domain-specific prompts increased rubric match scores
in these contexts from 84,3 % to 91,7 %.

DISCUSSION

The findings from this study provide evidence that the Al-based evaluation system is technically feasible
and pedagogically valid, demonstrates alignment with human rates in reduction of cost and time. The Al-
based evaluation system demonstrated transcription accuracy of over 96 %, rubric alignment with over 90 %
agreement, and inter-rater reliability indices (Cohen’s k > 0,65, ICC > 0,80) demonstrated that the automated
evaluations were significantly reliable with expert ratings. Overall, this evidence presents the system as an
option in place of traditional peer-review evaluation cycles.

Comparison with Previous Studies

The accuracy of the system is aligned with and extends previous studies based on the use of automatic
speech recognition (ASR) and Al-enabled grading measures in classroom practice. Prior evidence has shown
the accuracy of ASR systems used in classroom environments to drop (due to noise and differences in accent),
with classroom averages for ASR were documented between 85 % and 92 %.% Evidence has demonstrated that
the pairing of ASR and automated writing evaluation can lessen instructor workload, but the reliability of ASR
remains challenging in practical classroom contexts.®> In contrast, our study demonstrated a transcription
accuracy of 96,4 % for the Al evaluation protocol under authentic institutional context in Ecuador, demonstrating
that the pipeline of the study can produce reliable accuracy in real life (non-laboratory) environments.

Regarding automated grading and rubric alignment, previous studies (for example ¢ illustrated the potential
of ASR systems in tasks related to assessment (i.e., Whisper), though the study centered around emotional
scoring without any validation against human raters. Similarly 7 investigated Al’s role in grading physics exams
but raised concerns regarding the psychometric issues of rater reliability. The current work closes this gap by
demonstrating significant agreement between Al and humans’ raters (Cohen’s k > 0,65, ICC > 0,80), providing
statistical support for automated evaluation to inform human judgment for assessing performance in classroom
scenarios.
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Cost savings also constitute a significant advance.®® reported workload reductions of roughly 60 % for Al-
based grading of written work, but their application was limited to text. The current study achieved a total
reduction cost savings of 97 % when evaluating multimodal inputs of audio, video, and rubric. This shows
further scalability and applicability at the institutional level.

All together, these comparisons demonstrate cumulative evidence that the current system replicates engines
present in previous implementations, however the current system demonstrates combining an integrated,
multimodal pipeline verified through statistical evidence of reliability.

Implications for Practice and Policy

The capability of the system to enable evaluation in a consistent, constructive, low-cost, and fast manner
has important implications for educational systems. Traditional evaluation processes usually take months to
plan, utilize multiple evaluators, and incur a large administrative burden. The system allows transcription,
rubric-based scores, and behavioral analysis to be automated in a way to provide meaningful feedback in less
than three hours instead of a 14-week cycle.

On a policy level, our approach is aligned with the ISO 21001:2018 standard for educational organizations
that call for use of data based evidence and ensure deep transparency in continuous improvement. More
specifically, it will assist the accountability requirements from the Ecuadorian Council for Quality Assurance
in Higher Education,® which demands that institutions demonstrate systematic, objective, and repeatable
evaluation processes. This understanding implies that including data from the assessment system driven by Al
into accreditation would leverage institutional legitimacy, efficiencies of resources, and timely feedback for
faculty for improving their teaching/learning practice.

Limitations and Future Research

Although these initial findings are promising, there are some limitations to the research. The pilot sample
was limited to 36 recordings from 18 instructors at a single institution, which limits generalizability. In addition,
variability in accents and overlapping speech in laboratory-based classes hindered transcription accuracy in
some cases, consistent with “ survey of ASR systems. Although adaptive prompts, as well as adjustments to the
rubric to accommodate speech quality, improved performance, future systems will require more sophisticated
contextual modeling and better phonetic modeling to fully address these problems.

Future research should increase scope to multi-institutional, cross-disciplinary studies in order to validate
reliability and efficiency in a broader context. Longitudinal studies could also determine whether ongoing
feedback with an Al-based system can result in measurable improvements in teaching over time. Additionally,
multimodal features (e.g., gesture recognition and student engagement indicators) may create additional value
for the course instructor, as outlined in recent Al-based systems for grading.“! Lastly, ethical dimensions—
including privacy, data security, bias, and instructor buy-in—must remain central to scaling the system to a
national or regional level.

CONCLUSIONS

The research showed that using Al for evaluating teaching performance is viable in higher educational
contexts and is, in fact, pedagogically important in actual higher education contexts. The system integrated
automated transcription, semantic analysis, and multimodal emotion recognition to deliver valid and transparent
evaluations consistent with institutional expectations.

It was demonstrated that Al evaluation could replace or serve as a supplement to peer-review evaluation of
teaching, adding reliable and effective support for processes that assure quality of teaching with improvements
in time usage and institutional efficiencies. It additionally offered assistance to normalize evaluation with ISO
21001 educational standards and was accepted into national accreditation frameworks (CACES), reinforcing its
institutional relevance.

The research here showed that the gap between experimental Al applications and feasible operational systems
that can be used in education and higher education can be bridged. It provided a replicable methodological
framework that could be used for, when ready, larger multi-institutional packages.

The pilot focused on a single university; however, the outcome provides an opportunity for continuation
of research which will explore ethical, technical, and pedagogical implications of an Al-based evaluation.
Future applications and studies will need to develop in larger contexts to establish scalability and long-term
educational impacts.
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