UNIVERSIDAD  Escuela
DE MURCIA de Doctorado

TESIS DOCTORAL

Retroalimentacion enriquecida de la dindmica del
aula utilizando IA

AUTOR/A Federico Pardo Garcia

DIRECTOR/ES ~ Oscar Canovas Reverte
Félix Jesus Garcia Clemente

2026






UNIVERSIDAD  Escuela
DE MURCIA de Doctorado

TESIS DOCTORAL

Retroalimentacion enriquecida de la dindmica del
aula utilizando IA

AUTOR/A Federico Pardo Garcia

DIRECTOR/ES  Oscar Canovas Reverte
Félix Jesls Garcia Clemente

2026






{27 UNIVERSIDAD
"% DE MURCIA

DECLARACION DE AUTORIA Y ORIGINALIDAD DE LA TESIS PRESENTADA EN MODALI-

DAD DE COMPENDIO O ARTICULOS PARA OBTENER EL TITULO DE DOCTOR/A
Aprobado por la Comisién General de Doctorado el 19 de octubre de 2022.

Yo, D. Federico Pardo Garcia, habiendo cursado el Programa de Doctorado de Informatica de la Escuela In-
ternacional de Doctorado de la Universidad de Murcia (EIDUM), como autor/a de la tesis presentada para la

obtencién del titulo de Doctor/a titulada:

| Retroalimentacion enriquecida de la dindmica del aula utilizando IA |

y dirigida por:

D.: Oscar Canovas Reverte
D.: Félix Jesus Garcia Clemente

DECLARO QUE:

La tesis es una obra original que no infringe los derechos de propiedad intelectual ni los derechos de propiedad
industrial u otros, de acuerdo con el ordenamiento juridico vigente, en particular, la Ley de Propiedad Intelectual
(R.D. legislativo 1/1996, de 12 de abril, por el que se aprueba el texto refundido de la Ley de Propiedad Intelec-
tual, modificado por la Ley 2/2019, de 1 de marzo, regularizando, aclarando y armonizando las disposiciones
legales vigentes sobre la materia), en particular, las disposiciones referidas al derecho de cita, cuando se han
utilizado sus resultados o publicaciones.

Ademas, al haber sido autorizada como compendio de publicaciones, cuenta con:

«  Laaceptacion por escrito de los coautores de las publicaciones de que el doctorando las presente
como parte de la tesis.

=ES;

FNMT-RCM,C:

«  Ensucaso, larenuncia por escrito de los coautores no doctores de dichos trabajos a presentarlos
como parte de otras tesis doctorales en la Universidad de Murcia o en cualquier otra universidad.

Ceres,O=|

Del mismo modo, asumo ante la Universidad cualquier responsabilidad que pudiera derivarse de la autoria o falta
de originalidad del contenido de la tesis presentada, en caso de plagio, de conformidad con el ordenamiento
juridico vigente.

Murcia, a 2 de febrero de 2026

D. Federico Pardo Garcia

Informacion basica sobre proteccion de sus datos personales aportados:

Universidad de Murcia.
Responsable Avenida teniente Flomesta, 5. Edificio de la Convalecencia. 30003; Murcia.
Delegado de Proteccion de Datos: dpd@um.es

La Universidad de Murcia se encuentra legitimada para el tratamiento de sus datos por ser necesario para el cumplimiento de una obligacion legal

legiiretn aplicable al responsable del tratamiento. art. 6.1.c) del Reglamento General de Proteccion de Datos
Finalidad Gestionar su declaracion de autoria y originalidad
Destinatarios No se prevén comunicaciones de datos

Los interesados pueden ejercer sus derechos de acceso, rectificacion, cancelacion, oposicion, limitacion del tratamiento, olvido y portabilidad a
Derechos través del procedimiento establecido a tal efecto en el Registro Electronico o mediante la presentacion de la correspondiente solicitud en las
Oficinas de Asistencia en Materia de Registro de la Universidad de Murcia

| Firmante: FEDERICO PARDO GARCIA; Fecha-hora: 02/02/2026 13:32:13; Emisor del certificado: CN=AC FNMT Usuarios,0U

Esta DECLARACION DE AUTORIA Y ORIGINALIDAD debe ser insertada en la quinta hoja, después de la portada
de la tesis presentada para la obtencidn del titulo de Doctor/a.

| Codi go seguro de verificaci on: RUFMV/ - W LOHgnf - kSL2AYt W HDPUseJdr COPI A ELECTRONICA - Péagina 1 de 1

Esta es una copia auténtica inmprinible de un documento administrativo el ectrénico archivado por |a Universidad de Mircia, segln el artfculo 27.3 c) de |la Ley 39/2015, de 1 de
octubre. Su autenticidad puede ser contrastada a través de | a siguiente direcci6n: https://sede.um es/validador/






A mis padres, hermanos y familia
por acompanarme todo el camino.






Agradecimentos

A mis directores, Oscar Cénovas Reverte y Félix J. Garcia Clemente, por su super-
visién durante estos afios. A Oscar especialmente, por no conformarse con menos de lo
que yo era capaz de hacer, incluso cuando eso implicaba confrontaciones necesarias que,
con perspectiva, agradezco profundamente.

A mis compaiieros de laboratorio, Juanje, Emilio y Mengchen, por hacer del dia a
dia algo mas llevadero. Por las herramientas que me ensefiasteis, las conversaciones que
me salvaron en momentos de bloqueo, y por convertir el laboratorio en un espacio donde
la amistad fue tan importante como la investigacion.

A todas aquellas personas que, de una forma u otra, han formado parte de este ca-
mino: profesores, compaifieros de departamento, amigos. Vuestro apoyo, aunque no siempre
visible en estas paginas, ha sido fundamental.






Resumen

Tradicionalmente, la evaluacion y mejora de la practica docente se ha basado en
la observaciéon humana directa, un enfoque que, pese a ser el estandar de oro, conlleva
altos costes logisticos y una inherente subjetividad. El campo de las Analiticas de Apren-
dizaje Multimodal (MMLA) ha experimentado un avance significativo en la capacidad de
monitorizar y modelar entornos educativos. Sin embargo, existe una tendencia predomi-
nante en la literatura a perfeccionar las técnicas algoritmicas sin proporcionar mecanismos
efectivos de retroalimentacién hacia el docente, dejando un vacio critico en la aplicacion
practica de estos avances. Esta tesis doctoral aborda dicha desconexién, proponiendo una
arquitectura computacional disefiada para el analisis de clases sincronas, con mecanismos
de retroalimentaciéon docente.

La investigacion se estructura en cuatro fases metodoldgicas incrementales. En pri-
mer lugar, se realizé una revisién sistemadtica de la literatura (2014-2024) que permitié
taxonomizar el uso de las caracteristicas de audio y analizar tendencias en el campo de
investigacién. Esto llevo a la deteccién de una ausencia de sistemas de retroalimentaciéon
docente. En segundo lugar, se modelé la practica docente utilizando exclusivamente ca-
racteristicas paralingiiisticas derivadas de la diarizacién de hablantes (como la gestiéon de
turnos y los silencios), capaces de clasificar metodologias (clase magistral, trabajo en grupo
y uso de sistemas de respuesta de estudiantes (SRS)) con alta precisién. En tercer lugar,
se implementd una fusién multimodal que integra caracteristicas paralingiiisticas con el
analisis semantico de transcripciones mediante modelos de lenguaje, aplicando técnicas de
Inteligencia Artificial Explicable (XAI) para desambiguar intervenciones docentes comple-
jas en entornos SRS. Finalmente, los hallazgos se integraron en una plataforma web que
permite a los docentes visualizar las métricas extraidas.

Los resultados demuestran que el audio contiene niveles estratificados de informa-
ciéon pedagdgica, donde elementos habitualmente descartados, como el ruido ambiental y
el solapamiento de voces, acttian como indicadores véalidos de colaboracién en el aula. Asi-
mismo, se confirma que la fusiéon de conocimiento experto (ingenieria de caracteristicas)
con modelos de aprendizaje profundo supera el rendimiento de enfoques puramente textua-
les en tareas de clasificacién de intervenciones. Finalmente, el desarrollo de la plataforma
proporciona indicios prometedores de que la entrega de métricas objetivas y transparentes
tiene el potencial de activar procesos de reflexién docente.






Abstract

Traditionally, the evaluation and improvement of teaching practice have been based
on direct human observation, an approach that, despite being the gold standard, entails
high logistical costs and an inherent subjectivity. The field of Multimodal Learning Analy-
tics (MMLA) has experienced a significant advancement in the capacity to monitor and
model educational environments. However, there is a predominant trend in the literature
toward perfecting algorithmic techniques without providing effective feedback mechanisms
for the teacher, leaving a critical gap in the practical application of these advances. This
doctoral thesis addresses this disconnection, proposing a computational architecture de-
signed for the analysis of synchronous classes, with teacher feedback mechanisms.

The research is structured into four incremental methodological phases. First, a
systematic literature review (2014-2024) was conducted, which allowed for the taxonomi-
zation of the use of audio features and the analysis of trends in the research field. This led
to the detection of an absence of teacher feedback systems. Second, teaching practice was
modeled using exclusively paralinguistic features derived from speaker diarization (such
as turn-taking management and silences), capable of classifying methodologies (lecturing,
group work, and the use of Student Response Systems (SRS)) with high precision. Third,
a multimodal fusion was implemented that integrates paralinguistic features with the se-
mantic analysis of transcriptions through language models, applying Explainable Artificial
Intelligence (XAI) techniques to disambiguate complex teaching interventions in SRS en-
vironments. Finally, the findings were integrated into a web platform that allows teachers
to visualize the extracted metrics.

The results demonstrate that audio contains stratified levels of pedagogical infor-
mation, where elements usually discarded, such as ambient noise and overlapping voices,
act as valid indicators of classroom collaboration. Likewise, it is confirmed that the fusion
of expert knowledge (feature engineering) with deep learning models outperforms purely
textual approaches in intervention classification tasks. Finally, the development of the
platform provides promising indications that the delivery of objective and transparent
metrics has the potential to activate teacher reflection processes.
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Introduccion

Historicamente, la mejora de la practica docente se ha sustentado en un modelo arte-
sanal basado en la observacién humana directa. El uso de mentores y pares expertos para
codificar interacciones mediante protocolos estandarizados como CLASS [1] o COPUS [2]
constituye el estandar de oro actual, pero este enfoque presenta limitaciones estructurales
de escalabilidad. Los costes logisticos y econémicos resultan prohibitivos para la mayoria
de las instituciones [3], lo que restringe la evaluacién a eventos episddicos y no sisteméticos.
Mas alla del coste, el método enfrenta un desafio de fiabilidad cientifica: la subjetividad in-
trinseca del observador. La variabilidad inter-observador y los sesgos cognitivos dificultan
la generacion de métricas longitudinales objetivas, impidiendo una evaluacién del progreso
docente basada en evidencias comparables a lo largo del tiempo.

Para mitigar estas carencias, las instituciones han adoptado las Analiticas de Apren-
dizaje (Learning Analytics). Este campo ha demostrado eficacia en entornos digitales al
predecir el riesgo académico y optimizar itinerarios basados en registros de actividad (logs)
[4-6]. Sin embargo, este paradigma sufre una desconexién critica con el espacio fisico del
aula. Al centrarse exclusivamente en la huella digital, las métricas ignoran componentes
centrales de la pedagogia como el debate espontaneo, la gestion de la oratoria y la interac-
cién cara a cara. El resultado es un “punto ciego” informativo donde la actividad docente
mas significativa permanece invisible para los sistemas tradicionales de analisis de datos.

Como respuesta, el campo de Multimodal Learning Analytics (MMLA) propone in-
tegrar sensores heterogéneos, desde la biometria hasta el seguimiento ocular, para capturar
la complejidad de la interaccion real 7, 8]. Dentro de este ecosistema, el audio se posiciona
como fuente de informacién prometedora y viable para entornos educativos. A diferencia
del video, que conlleva restricciones severas de privacidad y altos requisitos de almacena-
miento, o de los sensores vestibles, que pueden alterar el comportamiento natural por su
intrusion, el audio permite una captura ubicua y transparente de la actividad en el aula
[9]. Esta senial permite monitorizar el clima y la participacién sin comprometer la fluidez
de la dindmica docente.

A pesar de que el analisis de audio puede caracterizar el clima del aula o medir la
participacion estudiantil [10-12], su aplicacién actual sufre una fragmentacién metodolé-
gica. Por un lado, la ingenieria actstica se centra en caracteristicas de bajo nivel, como la
energia y el tono, que a menudo carecen de una interpretacién pedagégica directa. Por otro,



4 1. Introduccion

el Procesamiento de Lenguaje Natural (NLP) suele reducir el aula a un texto transcrito,
eliminando la riqueza paralingiiistica de la prosodia y la dindmica de los turnos de palabra.
Esta dicotomia ha impedido la creacién de marcos unificados que vinculen la estructura
de la interaccién con su contenido seméntico [13]. Sin esta integracion, la capacidad para
ofrecer una visién holistica de la intencién pedagodgica es limitada, perdiéndose el matiz
de cémo la forma del discurso influye en el aprendizaje.

Incluso con la madurez tecnologica de los modelos de extraccion, persiste una brecha
critica en la traduccién de estas capacidades en retroalimentacién 1til (closing the loop).
Gran parte de la investigacién en MMLA prioriza la optimizacién de modelos predictivos y
la precisién técnica, relegando a un segundo plano el modo en que esta informacioén retorna
al profesorado [14]. La entrega de métricas crudas o resultados derivados de algoritmos
de “caja negra” sin explicabilidad genera resistencia y desconfianza en los docentes. El
desarrollo profesional requiere, por tanto, herramientas que no solo procesen datos, sino
que fomenten la reflexién pedagodgica mediante representaciones transparentes y contex-
tualizadas [15, 16].

Esta tesis doctoral propone un marco metodolégico disefiado para conectar las ca-
pacidades del procesamiento de audio con las necesidades reales del desarrollo docente. El
objetivo central es definir y validar una arquitectura integral que abarque desde la captu-
ra de la senal hasta la generaciéon de retroalimentacién. La investigacién explora el valor
informativo de las caracteristicas paralingiiisticas como fuente independiente, investiga su
enriquecimiento mediante técnicas semanticas y desarrolla mecanismos de interfaz para su
visualizaciéon. El marco propuesto no busca sustituir el juicio docente, sino complementarlo
mediante una arquitectura técnica que transforme el sonido del aula en una herramienta
de analisis estructurada y accionable.

La validez practica de esta propuesta se sustenta en su implementacion dentro de
tres Proyectos de Innovacién Docente consecutivos en la Universidad de Murcia (2023-
2026). El trabajo utiliza un corpus de 287 grabaciones reales (in-the-wild), obtenidas de
nueve profesores voluntarios de diversas facultades. Estos datos capturan una amplia va-
riedad de situaciones, incluyendo clases magistrales, trabajos en grupo y el uso de sistemas
de respuesta de estudiantes, tanto en entornos presenciales como online. Esta diversidad
de escenarios garantiza que el marco metodoldgico propuesto responda a la complejidad
intrinseca de la interaccién docente real, evitando simplificaciones tedricas que no se sos-
tengan en la practica cotidiana del aula.

Para garantizar el control metodoldgico, se ha realizado un desarrollo de software
end-to-end encargado de la extraccion de caracteristicas y la generacién de retroalimenta-
cién. Este desarrollo incluye modelos de clasificacion para identificar metodologias docentes
e intervenciones del profesorado, integrando técnicas de explicabilidad que permiten in-
terpretar las decisiones de los modelos. El proceso culmina en una interfaz web disenada,
para que los docentes analicen su propia practica basandose en los resultados de la inves-
tigacion. El rigor cientifico del trabajo queda respaldado por tres articulos publicados en
revistas indexadas en JCR y revisados por pares, donde el doctorando figura como autor
principal, conformando la estructura logica y empirica de esta tesis:

1. Pardo, F., Cénovas, O., & Garcia, F. J. (2025). Audio Features in Education:
A Systematic Review of Computational Applications and Research Gaps.
Applied Sciences, 15(12), 6911. [17]

2. Pardo, F., Cénovas, O., & Garcia, F. J. (2024). Exploring AT techniques for ge-
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neralizable teaching practice identification. IEEE Access, vol. 12, pp. 134702-
134713. [18]
3. Pardo, F., Cénovas, O., Garcia, F. J., & Orenes, A. (2025). Explaining Teacher
Interventions in SRS-Based Classrooms: A Classification Approach With
BERT and Paralinguistic Cues. IEEE Access, vol. 13, pp. 208078-208093. [19]

La estructura de esta tesis refleja esta progresion metodoldgica. El Capitulo 2 pre-
senta los objetivos generales y especificos que guian la investigacion. El Capitulo 3 detalla
el marco metodolégico que conecta cada objetivo con las fases de desarrollo y los articulos
publicados. El Capitulo 4 integra los hallazgos de los tres articulos junto con los resultados
de la plataforma de transferencia, mostrando cémo la arquitectura propuesta responde al
objetivo general planteado. El Capitulo 5 incorpora los articulos integros. Finalmente, el
Capitulo 6 resume las conclusiones, limitaciones y lineas futuras de investigacion.






Objetivos

Una vez identificada la desconexién entre la capacidad técnica de las analiticas actua-
les y la necesidad de una retroalimentacion docente interpretable, este capitulo formaliza
el propdsito de la investigacion. Se establecen los hitos necesarios para escalar desde la
captura de senales actusticas hasta la validacién de un sistema de transferencia pedagdgi-
ca. A continuacion, se detalla el objetivo general que guia la tesis y los cuatro objetivos
especificos que estructuran la progresién técnica del trabajo.

2.1. Objetivo general

El propdsito central de esta investigacion es definir, desarrollar y validar una ar-
quitectura computacional para el andlisis automatico de la practica docente mediante el
procesamiento de senales de audio. Esta arquitectura integra dimensiones prosddicas y
semanticas para escalar desde la extraccion de caracteristicas de bajo nivel hacia el mo-
delado de la practica educativa. La propuesta no se limita a la clasificacién técnica, sino
que busca transformar datos actsticos en indicadores de retroalimentacién interpretables.
El fin Ultimo es proporcionar al profesorado una herramienta que facilite la reflexién es-
tructurada sobre su propia intervencion en el aula, sustentada en un marco metodolégico
riguroso y validado experimentalmente.

2.2. Objetivos especificos

Para alcanzar el propésito general, se definen cuatro objetivos especificos que pro-
gresan desde la fundamentacion tedrica hasta la transferencia practica. La consecucién de
estos hitos estd supeditada al marco experimental de la tesis, compuesto por un corpus
de grabaciones obtenido en condiciones reales a través de tres proyectos de innovacién
docente de la Universidad de Murcia. Este escenario define los desafios técnicos de los ob-
jetivos e impone restricciones severas. La arquitectura debe gestionar problemas como la
reverberacién acustica y el ruido ambiental propios de aulas grandes, ademéas de cumplir
con protocolos estrictos de privacidad.
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O1. Sistematizar la evidencia cientifica sobre el uso de caracteristicas de
audio en entornos educativos.

La construccion de una arquitectura robusta requiere la identificacién previa de las
tendencias metodoldgicas y las brechas del estado del arte. Ante la ausencia de una revi-
sién sistematica que abordase especificamente la explotacién del audio en educacién, este
objetivo se centra en taxonomizar las caracteristicas de audio empleadas por la literatura
para derivar informacién pedagogica. El andlisis no se limita a la extraccion de datos,
sino que identifica las técnicas utilizadas, las limitaciones reportadas y el modo en que las
recomendaciones son compartidas con los docentes. Este estudio constituye el fundamen-
to tedrico indispensable sobre el que se asientan las decisiones técnicas de los objetivos
posteriores, asegurando que la propuesta aborde las carencias reales del campo cientifico.

0O2. Caracterizacién de la actividad docente mediante el uso de descrip-
tores paralingiiisticos.

Este hito aborda la caracterizaciéon de la actividad docente utilizando descriptores
paralingiiisticos derivados de la segmentacién y diarizacién de hablantes. Se analiza la
eficacia de atributos como los patrones de interacciéon verbal, la deteccién de actividad de
voz y los eventos no verbales para identificar tres modalidades pedagdgicas: clase magistral,
trabajo en grupo y el uso de sistemas de respuesta de estudiantes (SRS). Dado que el
corpus proviene de entornos reales, un requisito critico es garantizar la robustez del sistema
frente al ruido y las diferencias individuales. Por tanto, el objetivo es desarrollar un modelo
computacional cuya estabilidad en las métricas de desempefio se mantenga constante frente
a la variabilidad intrinseca del locutor y las condiciones acusticas del aula.

0O3. Integracién de caracteristicas paralingiiisticas y semanticas para la
mejora de la clasificacion y la interpretabilidad del discurso docente.

El objetivo O3 plantea la integracién de la estructura interactiva (paralingiiistica)
con el contenido instruccional (léxico) para resolver la clasificacién de intervenciones do-
centes. Mientras que el andlisis previo permitia distinguir modalidades generales, la fusién
multimodal es necesaria para capturar la intencionalidad pedagdgica de las intervenciones
en sesiones mediadas por SRS. Se desarrolla un modelo capaz de clasificar intervenciones
en cinco categorias pedagogicas, superando las limitaciones de los enfoques unimodales.
Para evitar la opacidad de los algoritmos de caja negra, se aplican técnicas de inteli-
gencia artificial explicable (XAI) que cuantifican la relevancia de cada descriptor. Esto
proporciona una base técnica para la explicabilidad, permitiendo entender el sentido de la
contribucién de cada variable al reconocimiento de la categoria.

0O4. Transferencia de resultados: desarrollo de un sistema integral de ana-
lisis y visualizacién para la reflexion docente.

El dltimo objetivo transforma los avances técnicos en una herramienta de impacto
practico. Se desarrolla una plataforma web que integra la visualizacion de métricas de
diarizacién y transcripciones de aula. Esta interfaz permite a los profesores interactuar
con sus propios registros de manera privada y auténoma para analizar la evolucién de su
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practica. La consecucion de este objetivo constituye la validacién final de la arquitectura en
condiciones in-the-wild. De este modo, se demuestra la viabilidad del sistema para operar
en entornos reales y se sientan las bases técnicas para futuros despliegues a gran escala.






Metodologia

Este capitulo describe el marco metodolégico desarrollado para abordar los cuatro
objetivos especificos de la investigacién. La Figura 3.1 sintetiza la arquitectura metodo-
légica de la tesis estructurada en cuatro fases incrementales. Estas articulan objetivos
especificos, disenios metodoldgicos diferenciados y resultados empiricos vinculados secuen-
cialmente. La progresion inicia con una revision sistematica (M1), la cual fundamenta el
enfoque tedrico y diagnostica brechas en el estado del arte. A continuacién se desarrollan
los modelos de clasificacién, que transitan desde la validacién de las caracteristicas pa-
ralingtiisticas (M2), hasta su enriquecimiento mediante la fusién léxica multimodal y uso
de inteligencia artificial explicable (M3). Finalizamos con la transferencia de feedback al
docente mediante el desarrollo de la plataforma web (M4) . Esta plataforma se basa en el
software subyacente desarrollado durante la investigacion.

El corpus recolectado contiene 287 grabaciones de clases reales en la Universidad de
Murcia. Estas abarcan nueve profesores de Informatica, Psicologia, Veterinaria y Derecho,
garantizando la diversidad disciplinar. Dado la complejidad de codificar manualmente
los audios, el estudio limita su anélisis a un conjunto de datos controlado y verificado.
Esta decision metodolégica es necesaria para garantizar la precisién del ground truth. Por
tanto, la disponibilidad de recursos humanos para la validacién manual define el marco
de actuacion y la representatividad de los experimentos, priorizando la calidad del dato
sobre el volumen masivo no supervisado.

M1. Revision sistematica de la literatura

Se realizé una revisién sistemaética para mapear el estado del procesamiento de audio
en contextos educativos (O1). A diferencia de trabajos previas sobre Multimodal Learning
Analytics, este trabajo prioriza el audio como fuente de datos primaria, incluyendo estudios
unimodales y combinaciones con video, logs o datos fisiolégicos. El diseno se fundamenta
en el protocolo PRISMA [20], adoptando un enfoque cualitativo y andlisis inductivo para
la construccion de taxonomias emergentes. En el caso de hallazgos heterogéneos se realiza
una sintesis narrativa. La bisqueda en Scopus y Web of Science (2014-2024), resulta en
una muestra final de 82 estudios tras aplicar criterios estrictos de inclusién.

11



12 3. Metodologia

@ Obijetivos (0) Metodologia (M) (LIl Resultados (R)

1. Audio Features in Education: A Systematic Review of Computational Applications and
Research Gaps

- Taxonomizar caracteristicas de

. - Metodologia PRISMA
audio 1. s
. . - Analisis de métricas
- Identificar carencias en la . o
. cualitativas y cuantitativas.
literatura

- Taxonomia inductiva +

- Analizar mecanismos de . .
sintesis narrativa

feedback existentes

2. Exploring AI techniques for generalizable teaching practice identification

- Estudio observacional - F1>0.90 en multiples
- Caracterizar actividad docente - Etiquetado cualitativo modelos
-Generalizar la caracterizacion - Caracteristicas paralingiiisticas - Generalizacion probada con
-Analizar el peso de las - Clasificacion supervisada leave-two-contexts-out
caracteristicas en la mediante Machine Learning - Detectadas diferencias
generalizacion - Generalizacién mediante significativas de caracteristicas
EFAR-MMLA entre metodologias

3. Explaining Teacher Interventions in SRS-Based Classrooms: A Classification Approach
With BERT and Paralinguistic Cues

- Estudio quasi-experimental
- Etiquetado cualitativo
- Caracteristicas paralingtisticas
- Transcripciones
- Clasificacion supervisada
mediante Deep Learning
multimodal
-SHAP

- Clasificar intervenciones
docentes exclusivamente con
texto
- Comparar resultados con la
adicion de paralingiiisticas
- Analizar las decisiones del
modelo

(9207 - £207) 21em}JOS [P O[[OLIBSIP AP 0S001d

4. Desarrollo de una plataforma web para retroalimentacién docente: MoviSound

- Proporcionar un sistema de - Desarrollo basado en co-
retroalimentacion disefio
- Visualizar métricas - Metodologia agil

Figura 3.1: Arquitectura metodolégica de la tesis: evolucién incremental del enfoque de inves-
tigacion a través de cuatro fases secuenciales. Cada fila representa un estudio con sus objetivos,
diseno metodologico y hallazgos principales. La progresion muestra como los resultados de cada
fase informaron el diseno de las siguientes. El estudio evoluciona desde el andlisis de la literatura
hasta el desarrollo de la plataforma de retroalimentacion. La flecha vertical derecha representa el
desarrollo paralelo del software.
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El andlisis se estructuré en cinco ejes: usos tecnoldgicos, caracteristicas de audio,
integracién multimodal, técnicas de procesamiento y mecanismos de retroalimentacion.
Esta division permite explorar el ciclo de vida completo del audio en entornos educati-
vos, facilitando el andlisis de patrones comunes y carencias de la literatura. La Tabla 3.1
sintetiza los métodos e instrumentos empleados en esta fase.

Cuadro 3.1: Métodos e instrumentos empleados en M1 (Revision Sistemdtica).

Componente Método/Instrumento Propésito

Cuantitativo Protocolo PRISMA Seleccion sisteméatica y replicable de literatura sobre
audio educativo

Cualitativo Anélisis tematico Construccién de taxonomia de caracteristicas
inductivo de audio (bajo/medio/alto nivel)
Cualitativo Sintesis narrativa Diagnostico de areas subexploradas: paralingiiistica,

feedback, interpretabilidad

M2. Clasificacion de metodologias docentes mediante carac-
teristicas paralingiiisticas y machine learning

La segunda fase metodolégica aborda el objetivo O2 mediante el uso de caracteris-
ticas paralingiiisticas para clasificar metodologias educativas. El uso de rasgos extraidos
de la diarizacién ofrece una ventaja critica: Son agnédsticos al contenido. Esto facilita la
transferencia a nuevos entornos, pues las pausas, silencios y cambios de turno son intrin-
secos a la comunicaciéon humana. El estudio adopta un disefio observacional con enfoque
mixto sobre un subconjunto de 26 horas de audio distribuidas en tres categorias: clase
magistral, trabajo grupal y SRS. El dataset presenta un desbalance natural que refleja
la distribucién real de las clases observadas, aportando validez practica. El etiquetado se
realiz6 mediante codificacion cualitativa experta.

Se extraen 13 caracteristicas paralingiiisticas cuantitativas utilizando diferentes ta-
manos de ventana para capturar las dindmicas de la interaccién verbal. Estas variables
entrenan miultiples flujos de clasificacion supervisada que identifican la metodologia utili-
zada. Para evaluar la robustez del sistema, se aplica el protocolo Evaluation Framework
for Assessing Robustness in Multimodal Learning Analytics (EFAR-MMLA) mediante
la estrategia Leave-Two-Contexts-Out [21]. Este método deja fuera del entrenamiento a
la mitad de los docentes, garantizando que las métricas de desempeno sean estables a
la variacién de docentes y disciplinas. Adicionalmente, se emplea el andlisis estadistico
Kurskal-Wallis para cuantificar las diferencias en el peso de las caracteristicas entre me-
todologias. La Tabla 3.2 sintetiza los datos analizados, sus métodos de obtencién y su
aportacion al disefio metodolédgico.

Ma3. Integracién de caracteristicas textuales y paralingiiisti-
cas mediante deep learning

Esta fase aborda el objetivo O3, integrando informacién textual y paralingiiisticas
para la clasificacién de intervenciones docentes especificas durante el uso de SRS. Esta
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Cuadro 3.2: Métodos e instrumentos empleados en M2 (Modelado Paralingiiistico).

Componente Método/Instrumento Propésito

Cuantitativo Diarizaciéon automdtica Segmentacién objetiva de turnos de habla
de hablantes docente/estudiantes
Cualitativo Codificacién experta Ground truth para entrenamiento supervisado basado

en juicio pedagbgico

Cuantitativo Extraccién de caracteris-  Variables paralingiiisticas representando la estructura
ticas del intercambio

Cuantitativo EFAR-MMLA (Leave- Evaluacién de robustez ante variabilidad inter-

Two-Contexts-Out) docente y disciplinar
Cuantitativo Analisis estadistico Confirmacién de diferencias significativas en el peso
Kruskal-Wallis de las caracteristicas entre metodologias

integracién responde a la insuficiencia intrinseca de los andlisis unimodales para capturar
la complejidad del discurso educativo. Mientras que el andlisis 1éxico identifica el contenido
explicito del mensaje, resulta insuficiente para discernir la intenciéon pedagogica latente en
la forma del habla. Por el contrario, la paralingiiistica captura la dindmica de interaccion
y el tono del discurso, pero es incapaz de procesar el significado instruccional. La fusién
multimodal permite superar estas limitaciones individuales, enriqueciendo la capacidad de
prediccion al vincular el contenido del discurso con la manera en que se comunica.

El estudio emplea un disefio quasi-experimental con enfoque metodolégico mixto
sobre un corpus de tres horas y diecinueve minutos de audio, procedentes de diez sesiones
basadas en SRS. La codificacién de las intervenciones docentes se realiz6 mediante una
adaptacién del marco COPUS, simplificada a cinco categorias para el analisis de la inter-
accién. Para asegurar la fiabilidad cientifica del ground truth, el etiquetado fue ejecutado
por dos anotadores independientes, alcanzando un coeficiente kappa de Cohen de 0.97.

Se extraen las caracteristicas paralingiifsticas cualitativas previamente validadas pa-
ra la clasificacion de metodologias docentes, junto a las transcripciones. Estos datos ali-
mentaron multiples arquitecturas de deep learning, basadas en dos métodos de fusién. La
fusién temprana o early-fusion consiste en la unién de los vectores de caracteristicas en
la etapa de entrada, permitiendo al modelo procesar la sefial de forma conjunta desde el
inicio del aprendizaje. Por el contrario, la fusién tardia o late-fusion procesa los datos de
forma independiente antes de ser combinadas en una etapa final. Con el fin de superar la
opcaidad e los modelos de caja negra, se aplican técnicas de explicabilidad (XAI) mediante
SHAP. Este analisis permite cuantificar la relevancia de los elementos 1éxicos y paralin-
giifsticos en la clasificacién, facilitando la comprensién del modelo. La Tabla 3.3 sintetiza
los datos analizados, sus métodos de obtencién y su aportacién al disefio metodolédgico.

M4. Arquitectura del sistema: diseno desacoplado de los ser-
vicios de andlisis y la interfaz de usuario

La cuarta fase metodologica materializa la transferencia de hallazgos mediante el
desarrollo de una arquitectura técnica orientada al usuario final. Este proceso se basa
en un co-disefio cualitativo, fundamentado en ciclos iterativos de diseno, implementacion



3. Metodologia 15

Cuadro 3.3: Métodos e instrumentos empleados en M3 (Fusion Multimodal).

Componente Método/Instrumento Propésito

Cuantitativo Diarizaciéon automatica Segmentacion objetiva de turnos de habla
de hablantes docente/estudiantes

Cuantitativa Transcripcion Obtencion del texto hablado de la grabacion
automadtica

Cualitativo Codificacién experta in- Ground truth para clasificacién de intervenciones pe-
dependiente dagogicas

Cuantitativo Extraccién automaética  Variables predictoras agnésticas al contenido y
de caracteristicas al idioma

Cuantitativo Fusién tardia de Integracién complementaria de texto + paralingiiisti-
modalidades ca para clasificacion mejorada

Cualitativo Técnicas de Identificacién de features relevantes por categoria pa-
explicabilidad (XATI) ra comprension pedagégica

y evaluacion mediante feedback docente. A diferencia de las etapas anteriores, esta fase
prioriza la utilidad percibida y la adecuacién a las necesidades reales del docente.

El desarrollo del backend se planted como el ntcleo central de procesamiento. Este
sistema implementa una arquitectura desacoplada disenada para gestionar la ejecucién de
los modelos de aprendizaje profundo y el procesamiento de seniales actsticas. En lugar de
seguir un proceso de desarrollo lineal, la légica de procesamiento se integré en el sistema
de manera paralela a la investigacién. Esta sincronia permite que la experimentacion
técnica de las fases anteriores se ejecutara directamente sobre la arquitectura definitiva,
asegurando que los modelos fuesen operativos dentro del flujo de datos de la plataforma
desde su concepcién. La robustez del backend garantiza la autonomia de los servicios de
andlisis frente a la interfaz de usuario.

Sobre la infraestructura del backend se construye la interfaz de visualizacién, cuyo
diseno es el resultado de tres afios de iteracién con los docentes participantes. Durante este
periodo se entregaron reportes periédicos en formato PDF que contenian los andlisis de
sus sesiones mediante las métricas validadas. El feedback obtenido a través de conversacio-
nes informales y observaciones directas permitié identificar qué representaciones visuales
resultaban utiles y cuales generaban confusion. Este proceso de co-diseno asegurd que la
plataforma final no fuera un desarrollo tecnolégico aislado, sino una solucién construida
en colaboracién con los usuarios.

La implementacion de la plataforma siguié metodologias de desarrollo 4gil, estructu-
rando el avance en fases vinculadas a nuevas funcionalidades. En esta etapa participaron
los mismos nueve docentes que conformaron el corpus inicial, garantizando asi la continui-
dad metodoldgica y aprovechando su familiaridad previa con las informacién presentada.
Se reconoce que esta decisién conlleva un sesgo positivo derivado de la disposiciéon previa
de los participantes a colaborar. No obstante, esta aproximacion es la mas adecuada para
una fase de desarrollo inicial donde la prioridad reside en validar la viabilidad técnica y la
estabilidad del sistema. A modo de resumen, la Tabla 3.4 sintetiza los datos analizados y
métodos empleados en esta fase.
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Cuadro 3.4: Métodos e instrumentos empleados en M/ (Plataforma de Retroalimentacion Do-

cente).

Componente Método/Instrumento

Propésito

Identificacién iterativa de necesidades de visuali-
zacién y comprensibilidad de métricas

Cualitativo Cuestionarios abiertos + con-
versaciones informales con
docentes

Mixto Meétricas extraidas y valida-

das de M2/M3

Base empirica para alimentar las visualizaciones

Cualitativo Metodologia de Co-Diseno

Involucrar a los usuarios en el desarrollo de la
plataforma

Cualitativo Desarrollo agil

Metodologia agil basada en sprints para el desa-
rrollo del software




Resultados

Este capitulo estructura los hallazgos en cuatro bloques que corresponden directa-
mente a los objetivos especificos planteados en el Capitulo 2, que a su vez se corresponden
con cada una de las publicaciones y el desarrollo del software. Para facilitar la narrativa
y organizacion de los resultados, se partird de los hallazgos de la revisiéon sistematica, a
pesar de que esta contribucién no se corresponde con la primera publicacién de la tesis.

R1. Taxonomizacién de las caracteristicas de audio, limita-
cion de datos y falta de retroalimentacion docente

El analisis de los articulos seleccionados y su sintesis, presentada en la Seccién 5.1
[17], facilitaron la clasificacion de caracteristicas en tres niveles de abstracciéon y la de-
finicién de sus usos principales. Asimismo, el estudio revel6 problemas criticos como las
restricciones de privacidad, disponibilidad de datos y la falta de retroalimentacion peda-
gbgica y explicabilidad.

Taxonomizacion de las caracteristicas de audio

La base analitica de esta seccién, asi como una de las contribuciones centrales de la
presente tesis, reside en la propuesta de una taxonomia para la categorizacién de las carac-
teristicas de audio. Esta clasificacion organiza las variables en tres niveles de abstraccién:
rasgos de bajo nivel, vinculados a la sefial actstica como el tono o la reverberacién; rasgos
paralingiiisticas, que definen la estructura de la interaccién mediante los silencios y los
turnos de palabra; y rasgos resultantes del procesamiento del lenguaje natural, centrados
en el contenido léxico como muletillas o la velocidad del habla.

La jerarquia de esta clasificaciéon responde a una dependencia funcional intrinseca:
cada nivel de abstraccion se construye necesariamente sobre el anterior. El procesamiento
de la senal actstica constituye el requisito previo indispensable para realiza una diarizacién
precisa de los hablantes. Del mismo modo, el andlisis del lenguaje natural alcanza su
méaxima utilidad cuando se integra con los rasgos paralingiiisticos, permitiendo discernir
no solo el contenido del mensaje, sino la identidad del emisor y la dindmica temporal en
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la que ocurre la interacciéon. Estableciendo este orden légico, la taxonomia actiia como un
marco pionero que dota de estructura el analisis de las contribuciones técnicas identificadas
en la revisién sistemaética

Restricciones de privacidad y disponibilidad de los datos

La investigacion en este ambito padece una marcada fragmentacién estructural. La
ausencia de un marco comun de datos obliga a cada investigador a depender de grabaciones
propias y privadas, lo que impide de raiz la validacién cruzada de los resultados. Esta
falta de estandarizacién en los protocolos de captura no solo genera una percepcién de
fragmentacién, sino que constituye una barrera ontoldgica para la ciencia: sin datasets
compartidos, la reproducibilidad es técnicamente imposible.

Esta dispersién de la evidencia se ve agravada por la naturaleza sensible de la voz,
protegida como dato biométrico por marcos legales como el General Data Protection Re-
gulation (GDPR). El envio de sefiales de audio crudas entre instituciones representa un
conflicto legal cuya resolucién excede a menudo las capacidades logisticas de los grupos de
investigacion. Ante este muro burocratico, la literatura cientifica muestra un silencio preo-
cupante, eludiendo una discusién profunda sobre como conciliar la ética de la privacidad
con la necesidad de transparencia en los datos.

Una solucién viable para dar orden en esta disciplina es la publicacién de conjuntos
de datos pre-procesados y anonimizados. Si bien este enfoque implica la pérdida de control
sobre la senal original, representa un compromiso necesario para el progreso de la comuni-
dad. Al trabajar sobre una base de datos comun, aunque sea derivada, los investigadores
pueden comparar su modelos bajo las mismas condiciones, transformando una coleccion
de estudios aislados en un cuerpo de conocimiento coherente y verificable.

Falta de retroalimentacion pedagdégica y explicabilidad

La investigacion actual se ha estancado en un ciclo técnico que ignora la realidad del
aula. Los estudios se limitan a optimizar modelos dentro de un entorno cerrado, olvidando
que la tecnologia educativa solo tiene sentido si impacta positivamente en la ensenanza.
Esta obsesion por mejorar métricas de rendimiento ha invertido las prioridades del campo.
Hoy se valora mas la precisiéon de un algoritmo que su utilidad real para el docente. El
resultado es un volumen masivo de publicaciones técnicas que, a pesar de su complejidad,
carecen de trascendencia en la practica diaria del profesorado.

Esta desconexién se agrava con la adopcién del deep learning. Aunque estos modelos
son extremadamente potentes, funcionan como cajas negras cuyo razonamiento es impo-
sible de interpretar. En un entorno educativo, una herramienta que ofrece resultados sin
justificarlos carece de autoridad y genera un rechazo natural entre los profesionales. Ante
esta falta de transparencia, el uso de técnicas de inteligencia artificial explicable (XAI)
es una necesidad ética y no solo una opcién técnica. Solo si el docente comprende cémo
decide la maquina, podré confiar en ella para transformar los datos en una oportunidad
de reflexion.
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R2. Caracterizacion de metodologias docentes, generalizacion
y andlisis de las principales caracteristicas paralingiiisticas

La segunda publicacion, detallada en la Seccién 5.2 [18], se planteé basdndose en
una pregunta: ;Es posible modelar la practica docente ignorando deliberadamente lo que
se dice? Los resultados obtenidos permiten responder afirmativamente, validando la exis-
tencia de patrones de interaccién distintivos entre metodologias. Ademaés, se valido la
generalizacion dentro de las posibilidades de nuestro dataset, asi como la confirmacion de
que existen diferencias significativas entre las principales caracteristicas identificadas a la
hora de clasificar cada metodologia.

Clasificacion de metodologias docentes mediante caracteristicas paralin-
giiisticas

Basédndose en un pipeline desarrollado previamente [22], la investigacién evalué la
capacidad de algoritmos como perceptrén multicapa (MLP), regresion logistica (LR) o mé-
quinas de soporte vectorial (SVM) para categorizar métodos de ensenanza. Los modelos
alcanzaron un rendimiento general superior a un F1-Score de 0.90, una cifra notable con-
siderando que se obtuvo sin realizar una busqueda exhaustiva de hiperpardmetros. Lejos
de ser una carencia, esta falta de optimizacién técnica resalta la robustez de las variables
paralingiiisticas empleadas; es la calidad informativa del audio lo que sostiene la precisién
del sistema.

Estos hallazgos confirman que es viable caracterizar la préactica docente utilizan-
do exclusivamente rasgos paralingiiisticos disefiados manualmente. Una vez validada la
capacidad de estas variables, el estudio avanzd hacia el siguiente reto: verificar si esta
capacidad predictiva es capaz de generalizarse ante la variabilidad de nuevos docentes y
entornos fuera del conjunto de datos original.

Generalizacion de los resultados

Para verificar la robustez del sistema ante la variabilidad del locutor y el entorno, se
aplicé el protocolo EFAR-MMLA mediante una estrategia de validacién cruzada leave-two-
contexts-out. Su propésito es discriminar si el modelo ha capturado patrones pedagbgicos
universales o si se ha limitado a memorizar las particularidades de sujetos especificos. En
esta fase, se realizé una optimizacion exhaustiva de hiperparametros sobre las seis combi-
naciones posibles de docentes, garantizando que el rendimiento alcanzado representara el
limite superior de la arquitectura ante nuevos datos.

El F1-Score resultante de 0.92 no solo supera la linea base previa, sino que con-
firma la estabilidad de las caracteristicas paralingiiisticas disenadas. El hecho de que el
sistema mantenga su eficacia sobre docentes y aulas que no formaron parte del entre-
namiento ratifica que las variables seleccionadas poseen una validez representativa real.
Esta consistencia en entornos no vistos demuestra que es posible automatizar la caracte-
rizacion docente sin depender de la identidad del hablante, sentando las bases para una
retroalimentacion escalable y objetiva.
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Analisis de las caracteristicas principales para la generalizacién

Las métricas ratio de silencio (SR), ratio de murmullo (MR) y ntimero de interven-
ciones del docente (PSU_ Teacher) emergieron como los predictores determinantes en la
caracterizacién de las metodologias docentes. Estos descriptores no actiian como simples
variables numéricas, sino que capturan la esencia ritmica y temporal de la interacciéon
en el aula, traduciendo la dindmica pedagogica a una huella estructural medible. El test
estadistico de Kruskal-Wallis confirmé diferencias estadisticas significativas, ratificando la
potencia discriminatoria de cada rasgo frente a las distintas categorias.

La identificacién de patrones de interaccion altamente diferenciados valida la capa-
cidad de estas métricas para representar la complejidad de la practica docente de manera
objetiva. Al demostrar que cada metodologia posee una representacion especifica, el sis-
tema deja de ser una “caja negra” para convertirse en un modelo transparente. Esta
relevancia de los rasgos disenados manualmente permite comprender los criterios subya-
centes a la clasificacién automatica, asegurando que el sistema no solo sea preciso, sino
también explicable y 1til para la reflexion pedagdgica del profesorado.

R3. Clasificacion de intervenciones docentes mediante fusion
multimodal y aprendizaje profundo

Tras validar que las caracteristicas paralingiiisticas proporcionan una representacion
robusta de la dindamica grupal, esta fase de la investigacién se disenié como un paso na-
tural de enriquecimiento informativo [19]. El objetivo central no fue subsanar deficiencias
de los modelos previos, sino evaluar el valor incremental de integrar el contenido 1éxico
con la estructura de la interaccién. Este enfoque aditivo permite capturar acciones pe-
dagbgicas especificas en entornos apoyados por SRS, donde la intencién del docente a
menudo trasciende el significado literal de sus palabras. Al transitar hacia una escala de
intervencion individual, el sistema adquiere la granularidad necesaria para ofrecer una re-
troalimentacién precisa, complementada por un anélisis de interpretabilidad que dota de
transparencia a la arquitectura propuesta.

Clasificacion de intervenciones basada en el contenido textual

Para establecer una referencia sobre el impacto de la informacién paralingiiistica, se
disenaron dos aproximaciones fundamentadas exclusivamente en transcripciones mediante
modelos BERT. La primera configuracién clasifico la intervencion de forma aislada, mien-
tras que la segunda incorporé el contexto de la intervencién docente inmediata anterior.
Los resultados reflejaron un F1-Score de 0.52 y 0.709 respectivamente. Esta diferencia
subraya la importancia critica del contexto histérico en la identificacién de la intencién
pedagogica del docente. Estos hallazgos funcionaron como una linea base y confirmaron
la viabilidad de clasificar las intervenciones en cinco categorias automaticamente.

Optimizacion de la clasificacion mediante caracteristicas paralingiiisticos

La combinacién de datos textuales y paralingiiisticos planteé un desafio de dispa-
ridad dimensional. Mientras que el conjunto de variables paralingiiisticas constaba de 13
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descriptores principales, el modelo DeBERTa generaba representaciones de 768 dimensio-
nes. Esta heterogenidad provocé que las fusiones tempranas tendieran a ignorar la informa-
cién estructural de los turnos en favor del peso del texto. Para resolver este desequilibrio,
se implement6 una fusién tardia, permitiendo que ambas modalidades contribuyeran de
forma equilibrada hasta alcanzar un F1-Score de 0.737 con el modelo random forest (RF).
A pesar de que la mejora absoluta respecto al uso exclusivo de texto es de 0.028, el test
de Bonferroni ratificé que dicha diferencia es estadisticamente significativa (p < 0.05).
La robustez del modelo se confirmé mediante un conjunto de validaciéon, manteniendo un
rendimiento F'1-Score de 0.707.

Analisis de explicabilidad

El andlisis mediante valores SHAP permiti6 cuantificar la influencia relativa de cada
modalidad en la decision del sistema. Los resultados otorgan un peso del 64 % al contenido
textual y un 36 % a los rasgos paralingiiisticos, validando que la estructura de interaccién
es un pilar sustancial del razonamiento algoritmico y no un simple anadido marginal. Un
hallazgo destacado es la correlacién positiva entre la variable de solapamiento del habla
OVR y la etiqueta de gestién (Management). Este patrén indica que, ante situaciones de
habla simultanea, los docentes suelen intervenir con directrices organizativas para redirigir
el flujo de la clase. Este ejemplo ilustra como las técnicas de explicabilidad actiian como
un puente para interpretar los eventos pedagbgicos a través de correlaciones aprendidas
por el modelo.

R4. Implementacién y validacion del desarrollo tecnolégico
para la retroalimentacion docente.

La cuarta fase se materializa como una respuesta a la falta de mecanismos de retro-
alimentacién identificados en la revision sistematica. Este desarrollo basado en un backend
desarrollado en paralelo a la investigacion y un frontend web para los docentes, integra las
caracteristicas paralingiiisticas y transcripciones en un pipeline automatizado que procesa
grabaciones de aula y genera retroalimentacion en dos modalidades complementarias.

Backend desarrollado simultaneamente a la investigacion

El desarrollo del backend que utiliza la plataforma web constituye un resultado de
la investigacion en si mismo: una arquitectura que evolucioné organicamente en paralelo
con las fases experimentales, incorporando progresivamente cada componente validado
empiricamente. La estructura del sistema se fundamenta en una API REST que expone
los modelos de clasificacién de metodologias y de intervenciones docentes como servicios
reutilizables. Esta modularidad no es meramente técnica, sino una decisién arquitecténica
orientada a la escalabilidad y reproducibilidad cientifica.
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Desarrollo de la plataforma web: MoviSound

La plataforma estructura la retroalimentacion mediante visualizaciones graficas de
las métricas paralingiiisticas validadas en R2 y R3, presentando tanto valores absolutos por
sesion como su evolucion temporal a lo largo de la misma. Esto incluye distribuciones de
turnos de habla diferenciadas por rol (docente vs. estudiantes), ratios de silencio, métricas
de solapamiento (OVR, MR, etc.) y ratio de participacién del hablante (PSR) segregado
por participantes. Adicionalmente, la interfaz presenta las transcripciones completas de
las sesiones, junto a un apartado especifico para intervenciones estudiantiles, respetando
su anonimizacion. Una muestra de los graficos en la interfaz web se presenta en la Figura
4.1.
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Figura 4.1: Interfaz de la web desarrollada para la retroalimentacion docente. Se pueden visualizar
los metadatos de la sesion a la izquierda. El panel central muestra la progresion temporal de algunas
métricas extraidas como al PSR, representado por el ‘Timeline de Participacion’ Se aprecian
también las pestarias de transcripcion y acceso al reporte en formato PDF.

ndos
idad

El analisis cualitativo del feedback docente revel6 que el PSR constituyé la métrica
mas consultada, seguida de las visualizaciones temporales de turnos de habla diferenciadas
por rol. Los docentes manifestaron especial interés por las transcripciones de intervencio-
nes estudiantiles, empledndolas para identificar qué preguntas especificas formularon los
alumnos durante la sesion, informaciéon que suele perderse en la dinamica temporal del
aula. Esta relacion entre el ratio de participacién de los estudiantes y el contenido léxi-
co de sus intervenciones especificas, refuerza la hipdtesis de utilidad pedagogica de las
caracteristicas paralingiiisticas: métricas aparentemente abstractas como el PSR resulta-
ron interpretables e hicieron a los docentes consultar qué intervencion hizo variar dichas
métricas.

Percepciéon de la utilidad y potencial para la reflexiéon docente

Uno de los principales hallazgos de esta fase exploratoria es la capacidad de la herra-
mienta para facilitar procesos de reflexion pedagogica. El andlisis del feedback cualitativo
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indica que la visualizacién de métricas objetivas permitié a los docentes identificar dis-
crepancias significativas entre su autopercepcion de la dindmica del aula y los patrones
cuantificados por el sistema. Un caso ilustrativo fue la subestimacién del tiempo de habla
propio por parte de un participante, cuya percepcion diferia notablemente del registro
generado. Esta confrontacién entre la narrativa interna del docente y la evidencia basada
en datos puede actuar como un catalizador necesario, aunque no suficiente por si solo,
para desencadenar la autocritica constructiva.

La evaluacion del impacto de la herramienta se realizé mediante un cuestionario de
retroalimentacién completado por ocho de los nueve docentes participantes. El andlisis
se estructuro en tres ejes fundamentales: la utilidad percibida de los informes, la concor-
dancia de los datos con la autopercepcién del profesor y el impacto real en su practica
profesional. Los resultados cuantitativos confirman la relevancia del sistema, alcanzando
una valoracién de utilidad superior al 80 % y evidenciando una alineacién estrecha entre
las métricas automatizadas y la percepcién subjetiva de los docentes. El indicador de ma-
yor trascendencia reside en la modificaciéon de la conducta: siete de los ocho participantes
afirmaron haber alterado su estrategia didactica tras recibir los reportes, mientras que seis
de ellos fueron capaces de verificar y cuantificar dichos cambios en informes posteriores.

La preferencia docente por la plataforma web sobre los reportes PDF previamente
empleados resulté unanime. Aunque la web replica el contenido de los PDFs, la interac-
tividad (navegacion entre sesiones, consulta dindmica de transcripciones, visualizaciones
ampliables) y la inmediatez del anélisis post-clase fueron valoradas como ventajas sustan-
ciales. Este hallazgo refuerza la relevancia de la automatizacion end-to-end implementada
en el backend: no basta con generar andlisis precisos (R2-R3), es necesario entregarlos de
forma accesible y oportuna para maximizar su utilidad practica.
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Resumen

This systematic review synthesizes 82 peer-reviewed studies published between 2014 and
2024 on the use of audio features in educational research. We define audio features as
descriptors extracted from audio recordings of educational interactions, including low-
level acoustic signals (e.g., pitch and MFCCs), speaker-based metrics (e.g., talk-time and
participant ratios), and linguistic indicators derived from transcriptions. Our analysis con-
tributes to the field in three key ways: (1) it offers targeted mapping of how audio features
are extracted, processed, and functionally applied within educational contexts, covering a
wide range of use cases from behavior analysis to instructional feedback; (2) it diagnoses
recurrent limitations that restrict pedagogical impact, including the scarcity of actiona-
ble feedback, low model interpretability, fragmented datasets, and limited attention to
privacy; (3) it proposes actionable directions for future research, including the release
of standardized, anonymized feature-level datasets, the co-design of feedback systems in-
volving pedagogical experts, and the integration of fine-tuned generative Al to translate
complex analytics into accessible, contextualized recommendations for teachers and lear-
ners. While current research demonstrates significant technical progress, its educational
potential is yet to be translated into real-world educational impact. We argue that un-
locking this potential requires shifting from isolated technical achievements to ethically
grounded pedagogical implementations.
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Abstract: This systematic review synthesizes 82 peer-reviewed studies published between
2014 and 2024 on the use of audio features in educational research. We define audio fea-
tures as descriptors extracted from audio recordings of educational interactions, including
low-level acoustic signals (e.g., pitch and MFCCs), speaker-based metrics (e.g., talk-time
and participant ratios), and linguistic indicators derived from transcriptions. Our analysis
contributes to the field in three key ways: (1) it offers targeted mapping of how audio
features are extracted, processed, and functionally applied within educational contexts,
covering a wide range of use cases from behavior analysis to instructional feedback; (2) it
diagnoses recurrent limitations that restrict pedagogical impact, including the scarcity of
actionable feedback, low model interpretability, fragmented datasets, and limited attention
to privacy; (3) it proposes actionable directions for future research, including the release
of standardized, anonymized feature-level datasets, the co-design of feedback systems
involving pedagogical experts, and the integration of fine-tuned generative Al to translate
complex analytics into accessible, contextualized recommendations for teachers and learn-
ers. While current research demonstrates significant technical progress, its educational
potential is yet to be translated into real-world educational impact. We argue that unlocking
this potential requires shifting from isolated technical achievements to ethically grounded
pedagogical implementations.

Keywords: systematic literature review; audio features; artificial intelligence; educational
context; explainability

1. Introduction

Audio analysis in educational research can be traced back to the early 1960s when ana-
log recording technologies first enabled the capture of classroom interactions [1]. Initially,
researchers used tape recorders to document teacher—student communication, relying on
manual transcription and qualitative observations to understand the dynamics of teaching
and learning. The transition to digital recording in the 1990s brought a new era, as emerging
digital signal processing techniques allowed for more systematic, quantitative analyses
of speech patterns and interaction modalities. This evolution marked a shift from purely
observational studies to data-driven investigations, enabling the systematic application
of computational modeling in educational settings. By the early 2000s, as computational
power increased, researchers began employing machine learning techniques to extract
and analyze audio features more effectively. In the 2010s and beyond, deep learning and
sophisticated artificial intelligence algorithms have further refined the process, enabling
the detection of nuanced features such as emotional tone, speaker diarization, and linguis-
tic patterns.

Appl. Sci. 2025, 15, 6911
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Audio features have emerged as a pivotal component in enhancing educational expe-
riences, leveraging the rich information embedded within sound to facilitate learning and
engagement. In educational contexts, audio features encompass a range of elements such as
speech patterns, acoustic signals, and auditory cues that can be analyzed to assess student
performance, provide feedback, and tailor instructional strategies. The integration of audio
features into learning analytics and educational contexts has opened new opportunities
for personalized learning, accessibility, and real-time assessment [2,3]. In this review, we
define audio features as the measurable descriptors derived from raw audio recordings
that are used to analyze educational interactions. These features may represent different
levels of abstraction, with different tools for each task:

*  Low-level acoustic features, such as pitch, intensity, or spectral representations (e.g.,
MEFCCs or spectrograms), are directly extracted from the audio waveform using
libraries such as Librosa [4].

e  Diarization features, including speaker turn-taking, speaking time, and participant
ratios, are obtained by segmenting and labeling who speaks when. For example,
PyAnnote [5] is a very common tool to extract diarization information.

* Linguistic features derived from automatic transcriptions of speech, such as word
usage, syntactic structure, or discourse-level indicators. Here, we must differentiate
between extracting the transcription (for example, using Whisper) [6] and analyzing
its content (e.g., spaCy) [7].

Despite their varying degrees of abstraction, all these features share a common origin:
they are extracted from audio recordings of classroom or educational interactions. They
serve as inputs for computational analyses aimed at modeling pedagogical behaviors,
classroom climate, or learner engagement. Throughout this review, we use the term ‘audio
features’ to refer collectively to this spectrum of descriptors, regardless of their proximity
to the original waveform.

Although several reviews discuss multimodal analytics in education, none treat audio
as a distinct and detailed data source. Most prior studies group audio under a generic
“sensor” label or confine it to limited use cases, such as transcription or emotion detection,
without examining the full range of acoustic, diarization, or linguistic metrics and their
pedagogical implications. As a result, researchers lack a consolidated view of which audio
feature types (e.g., prosodic versus syntactic analysis of transcripts) have proven effective
for specific tasks, such as real-time feedback or modeling classroom interaction, and which
remain challenging. Our review fills this gap by (1) comprehensively disaggregating the
different categories of audio features used in educational research, (2) revealing how those
metrics are extracted and combined, and (3) exposing methodological and ethical voids,
such as limited interpretability and the scarcity of anonymized datasets, that have so far
prevented findings from translating into practical solutions.

To synthesize the current landscape and expose the structural gaps that motivate this
review, we present a conceptual diagram outlining two interconnected but misaligned
workflows in the field (Figure 1). The current research loop (in red) captures the dominant,
technology-driven approach, where audio features are extracted, processed, and modeled
to produce analytical results. While this pipeline has yielded significant technical progress,
it often operates in isolation from pedagogical practice. Crucial components, such as
model explainability, feedback mechanisms, and, above all, the involvement of educational
stakeholders, are frequently overlooked from this loop. In contrast, the educational impact
loop (in blue) represents a broader, stakeholder-centered vision in which research find-
ings are made explainable and translated into feedback that informs educational practice.
The disconnect between these loops, particularly the absence of pedagogical validation
and stakeholder engagement, underscores the need for a critical synthesis of how audio
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features are currently used in educational contexts and how they could be better aligned
with real-world needs.

Educational Research Loop (Stakeholder-centered)

/ Technical Research Loop \

Multimodal Data
Technical uses
Emotion and Behaviour
Stakeholders Analysis = >

— Processing —»| Audio Features

Models

Feedback Focused

Classroom Dynamics
A

Results

L — - — —Technical Refinement — — — — — — —

K Feedback =~ <€—————————— Explainability ———— XAl

Figure 1. Conceptual overview of current and idealized research workflows involving audio features
in educational contexts. The red loop represents the dominant technical pipeline, which focuses
on extracting and modeling audio features but largely excludes explainability, feedback, and the
participation of educational stakeholders. The blue loop reflects a more complete, stakeholder-
centered perspective, where analysis leads to actionable outcomes through explainable models and
feedback mechanisms. The dashed arrow highlights the lack of pedagogical validation connecting
research outputs back to educational use cases.

Using audio features in education extends beyond signal processing or speech recogni-
tion, as it encompasses the broader challenge of extracting relevant information from audio
streams to support computational analysis of educational settings. While previous work
has explored trends in data-driven education more generally [8], no existing review has
systematically examined how audio-derived data are functionally applied across studies.
In this review, we focus on the technological uses of audio features, i.e., how they are
applied within computational pipelines to detect, classify, or model phenomena observed
in educational contexts. These uses reflect the current technical framing of audio features
rather than their pedagogical purpose per se. Our goal is to uncover the functional roles
that audio features play in existing research, establishing a typology of use cases that guides
the subsequent, more technical questions. This leads to our first question: What are the main
technological uses of audio features in educational research? (RQ1).

To comprehensively explore the technical landscape of audio analytics in education,
we identify the most commonly used audio features and the methods employed for their
extraction. Recent trends have shifted from traditional statistical approaches to Al-driven
techniques, which enable the direct use of raw or minimally processed data while main-
taining strong performance across diverse tasks [9,10]. Although these elements are central
to audio-based analytics, no prior review has offered a systematic categorization of the
features and extraction techniques used in educational contexts. With this in mind, we
mapped the audio features found in the literature, classified them, and described them in
our second research question: What are the most common audio features used in educational
studies and how are they extracted? (RQ2).

Educational data are increasingly being collected from a variety of sources, reflecting
the inherently multimodal nature of learning environments. Multimodal learning analyt-
ics (MMLASs) have emerged as a research area that seeks to integrate data from diverse
modalities (e.g, audio, video, text, and physiological signals) to gain deeper insight into
learning processes [11]. Within this context, audio features are rarely used in isolation; they
are often combined with other forms of data to capture different dimensions of classroom
interaction and learner behavior. These combinations allow researchers to explore richer
representations of educational phenomena, though the methods and rationales for such
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integration vary widely. This leads us to our third research question: How do researchers
combine audio features with other data sources? (RQ3).

As audio features become more prevalent in educational research, a key concern is
how they are computationally processed. In recent years, there has been a growing reliance
on both traditional machine learning algorithms and deep learning models to handle
tasks such as classification, clustering, and prediction [12]. These techniques are often
applied to features derived from audio, such as speaker diarization outputs and automatic
transcriptions, features that, despite being abstracted through additional processing, still
originate from the raw audio stream. While these methods can yield strong performance,
their complexity raises concerns about interpretability, which is a crucial factor when
insights are intended to inform pedagogical decisions. Although explainable Al (xAl) has
gained attention in other domains, its adoption within educational audio analytics remains
limited. To examine this relationship between performance and transparency, we ask the
following: What techniques are employed to process audio features in educational studies, and to
what extent are these solutions interpretable? (RQ4).

Finally, we turn to the practical implications of audio-based research in education
by examining the extent to which these studies lead to actionable outcomes in real-world
settings. Specifically, we explore whether researchers implement mechanisms to provide
feedback to participants, such as teachers or students, based on insights derived from audio
analysis. Feedback loops are essential for translating research into practice and fostering
impact in educational environments [13]. This forms the basis of our final research question:
Which studies provide feedback for participants derived from obtained results? (RQ5).

This systematic review synthesizes the literature on the use of audio features in
educational contexts, addressing how these features are applied, extracted, and interpreted
across studies. The research questions are organized to reflect a gradual progression, from
general trends and uses of audio data in education to the specific types of features most
frequently extracted and the techniques used to process them.

This review not only synthesizes the current state of research on audio-based methods
in educational contexts but also advances the field by identifying three core limitations and
offering strategic directions to address them:

* Targeted analysis of audio features. Unlike earlier reviews that broadly categorize
audio under “multimodal” or “sensor” headings, our research focuses specifically
on audio as a standalone modality. It offers a focused examination of audio features
within educational research. It covers a wide range of them, including low-level
acoustic properties, linguistic indicators extracted via NLP, and speaker-based metrics
obtained through diarization. As far as we are aware, no previous study has provided a
systematic identification, categorization, and definition of the audio features employed
in educational settings.

¢ Diagnosis of field-level limitations. While some existing papers describe individual
case studies or isolated tools, few have highlighted systemic obstacles that impede
pedagogical impact. Our synthesis reveals systemic barriers to pedagogical impact,
including the scarcity of actionable feedback, low interpretability of Al models, frag-
mented and non-replicable datasets, and limited attention to privacy. These gaps
highlight a misalignment between technical capability and practical utility.

*  Actionable directions for future research. To advance the field, we propose three
strategic directions: (1) the release of anonymized, standardized feature-level datasets;
(2) the participatory design of feedback systems that actively involve educational
practitioners and pedagogical experts; (3) the use of generative Al, particularly fine-
tuned LLMs, to translate analytics into tailored, context-aware guidance for teachers
and learners.
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Summarizing, our research questions for this systematic review are as follows:

*  RQI: What are the main technological uses of audio features in educational research?

. RQ2: What are the most common audio features used in educational studies, and how
are they extracted?

e  RQ3: How do researchers combine audio features with other data sources?

*  RQ4: What techniques are employed to process audio features in educational studies,
and to what extent are these solutions interpretable?

*  RQ5: Which studies provide feedback for participants derived from obtained results?

The rest of the paper is organized as follows: Section 2 describes the methodology,
including some terminology clarifications, the research questions, databases and search
terms, research selection, and the review process. Section 3 presents the analysis and
synthesis of our results. Then, we end the paper with an analysis of our findings in
Section 4 and conclusions in Section 5.

2. Methodology

This systematic review was performed in accordance with the PRISMA (Supplemen-
tary Materials) (preferred reporting items for systematic reviews and meta-analyses) guide-
lines [14], which are widely used for structuring evidence-based syntheses. Figure 2 shows
the diagram representing the different stages of our systematic review. The methodology
includes the following stages:

Scopus | Web of Science | Own Selection

493 records 298 records 64 records

J \ J

Identification

I Duplicate records removed: 206 l

Total: 650

/{ Records excluded by title and abstract ]\\

Not written in English: 1

Paper was not available for review: 116
Unrelated to the education topic: 245

Does not mention audio in its proposal or features
that could be extracted from audio: 82

Papers focused on developing already well
established techniques: 12

Not answering enough research questions: 98
Not enough citations over the years: 4

\[ Records excluded: 558 ]/

Records excluded by full paper

Screening

o Not addressing the problem through audio: 10

[ Records excluded: 10 ]

Total: 568 /

[ Records included ]

/[

Studies included in review: 82

Inclusion

Figure 2. Flow diagram of the PRISMA methodology followed.
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2.1. Identification of Research Works

The literature data search was conducted on 27 November 2024. Scopus and Web
of Science (WoS) were selected due to their broad coverage of peer-reviewed literature
in education, technology, and computational sciences [15], making them appropriate for
interdisciplinary reviews.

To perform the search on both databases, we restricted the query to the title and
abstract to balance precision and recall, as full-text searches produced an unmanageable
number of irrelevant results.

We used a structured query consisting of three conceptual blocks, along with a publi-
cation date restriction covering studies published after 2012.

e Data source: This component targets studies where audio serves as a primary or
derived source of data. The query includes terms such as audio and sound to capture
explicit references to raw audio. To encompass studies that use features extracted
from audio rather than the waveform itself, it also includes terms like speech tran-
script, dialogue, and discourse features. This increased the likelihood of including
work analyzing linguistic or prosodic features even when the term “audio” is not
explicitly mentioned.

*  Educational context: This block captures the environments in which learning interac-
tions occur. Keywords such as collaborative learning, Group interaction, and teaching
practice reflect classroom-based and peer-to-peer learning scenarios. Additionally,
terms like meeting transcription are included to capture studies focusing on structured
interactions in educational or academic contexts. This broader scope helps cover both
formal classroom settings and informal learning environments such as workshops
and seminars.

¢ Techniques: This component targets the computational methods used to process audio
and audio-derived data. The query includes terms related to core technologies such
as machine learning, deep learning, and artificial intelligence, along with domain-
specific methods like speech recognition, voice activity detection, and natural language
processing (NLP). These terms ensure the inclusion of studies applying advanced
analytical frameworks. The inclusion of learning analytics further ensures alignment
with educational objectives, emphasizing the intersection between computational
processing and pedagogical insight.

The specific query terms used in this systematic review are presented in Figure 3. To
account for terminological variation in a still-evolving research domain, we incorporated
wildcard characters into search terms such as Speech Transcript$ and Speech Recogn*. The
dollar sign ($) and asterisk (*) act as wildcard operators, allowing retrieval of multiple
morphological variants of a base term. For instance, “Transcript$” allows for both “Tran-
script’ and ‘“Transcription’, while ‘Recogn’ retrieves terms like ‘Recognize’, ‘Recognition’,
and similar word forms. This strategy increases recall by capturing terminological variation
across studies, ensuring that semantically related works are not excluded due to minor
wording differences. The initial search returned a total of 791 records: 493 from Scopus and
298 from Web of Science (WoS). To enhance completeness, we added 64 relevant papers
that were not captured by the automated query but were identified through snowballing
by reviewing the references and citations of initially selected articles, as well as through
prior work by the authors. All additional papers were manually verified to meet the same
inclusion criteria. After removing 206 duplicate entries from the combined dataset, the final
corpus included 650 unique studies.
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TITLE-ABS("Audio" OR "Speech Transcript$" OR "Dialogue" OR "Sound" OR
"Discourse Features")

AND TITLE-ABS("Teaching Practice" OR "Automated Feedback" OR

"Meeting Analysis" OR "Teaching Analytics" OR "Educational Technology"
OR "Collaborative Learning" OR "Group Interaction" OR "Classroom" OR
"Meeting Transcription")

AND TITLE-ABS("Machine Learning" OR "Deep Learning" OR

"Artificial Intelligence" OR "AI" OR "NLP" OR

"Natural Language Processing" OR "Neural Network$" OR

"Learning Analytics" OR "Speech Recogn*" OR "Voice Activity Detect$")
AND PUBYEAR > 2012

Figure 3. Boolean search query used to identify relevant studies in Scopus and Web of Science.
The query targets audio-related terms, educational contexts, and computational techniques in ti-
tles and abstracts, restricted to publications after 2012. Wildcards were included to account for
morphological variation.

2.2. Screening of Articles

To ensure the relevance and quality of the included papers, we established a set of
mandatory exclusion criteria designed to filter out studies misaligned with the review’s
objectives or lacking academic rigor. The screening process was conducted independently
by two of the co-authors, using the available abstracts as the basis for screening. If reviewers
were not sure whether any of the criteria applied, they used the full text to verify. Discrep-
ancies were resolved through discussion until a consensus was reached. The exclusion
criteria were applied sequentially, with any study not meeting a given condition being
excluded immediately:

¢ The paper was not written in English due to language constraints in the review team.

¢ The full text of the paper was not accessible for review, either due to restricted institu-
tional access, paywall limitations, or the unavailability of a preprint or author-supplied
version upon request.

*  The paper did not focus on educational settings or learning processes as a primary
context or objective.

¢  The paper did not use audio in its proposal or features that could be extracted from
audio (e.g., text transcriptions).

¢ The paper focused exclusively on technical improvements to well-established audio
processing methods (e.g., diarization or speech transcription) without applying them
to educational data.

*  During title/abstract screening, we required each manuscript to address at least one
of our five core research questions. If a paper’s title or abstract showed no substantive
discussion of audio-feature methodology or feedback-oriented use of audio, it was
excluded under “Not answering enough research questions”. A total of 98 papers fell
into this category. For instance, some studies mentioned the presence of audio but
did not analyze or extract features from it, nor did they integrate it into the research
objectives in a meaningful way.

e The paper was published in 2022 or earlier and had no citations on Google Scholar
as of 4 December 2024. Given the volume and the goal of identifying impactful
contributions, we applied this criterion as a secondary filtering mechanism to exclude
papers that had not generated scholarly attention over time. This step affected only
four papers.

2.3. Inclusion of Papers for Review

After applying the exclusion criteria to the 650 unique records, a final sample of
82 studies was retained for review. The final set comprised 43 journal articles, 37 conference
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papers, 1 technical report, and 1 book chapter. A detailed overview of all 82 studies,
including the author, title, year, educational level, and learning context, is provided in
Appendix A. Regarding the educational level analyzed in the papers of this review, 42
were focused on K-12, 27 on higher education, 4 focused on toddlers, 3 included multiple
educational levels, and 6 did not specify the educational level where the research took
place. Figure 4 shows the annual distribution of selected studies by publication year.
The number of studies using audio-related methodologies generally increased over the
2014-2024 period. This trend reflects the broader emergence of Al technologies capable of
processing unstructured data, such as audio and images, which are increasingly adopted in
various educational and analytical domains [16].
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Figure 4. Number of selected studies per year of publication.

2.4. Data Analysis

Once all articles were selected, we prepared an Excel spreadsheet with columns
corresponding to each element required to address our research questions. Two researchers
independently coded each article by filling in all columns based on the full-text information.
For each study, we extracted all available data relevant to our RQs, rather than selecting
only subsets of results, ensuring that every feature, method, or feedback format mentioned
was captured. After the initial coding, we held consensus meetings to compare both coders’
entries, resolve any discrepancies, and harmonize the category labels (tags) so that the final
structure accurately reflected the annotated data in each column. The agreed-upon version
of the spreadsheet was then used to generate preliminary tables and figures, from which
the narrative synthesis of results was developed.

Regarding the analysis of each research question, every paper was considered for
every research question as long as the paper provided some information regarding that
specific research question.

2.5. Synthesis of Results

Given the substantial heterogeneity across study designs, types of audio-based fea-
tures, and educational outcomes, we did not perform a formal meta-analysis. Instead, we
adopted a narrative synthesis approach to integrate findings. This choice was driven by
three main factors: (1) variability in audio-feature extraction methods (e.g., raw waveform
vs. transcript-based vs. prosodic features), (2) diverse machine learning and Al techniques
applied, and (3) differing educational contexts and measured outcomes (e.g., classroom
participation vs. automated feedback accuracy). By using a structured narrative framework,
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we grouped studies according to their primary research questions, types of audio data,
and analytical methods. Within each group, we summarized key findings, methodological
strengths, and limitations. This narrative strategy allowed us to highlight patterns and
gaps in the literature.

Within this narrative framework, we also explored possible sources of heterogeneity
by including studies comprising several factors such as educational level (e.g., K-12 vs.
higher education), modality (in-person vs. online), and type of audio features used (e.g.,
prosodic features vs. transcription-based features).

2.6. Assessment of Bias and Certainty

We acknowledge the potential for publication bias qualitatively since this emerging
area often provides greater visibility to studies reporting positive or innovative findings.
Therefore, we conducted additional “snowball” searches (reviewing references and cita-
tions) to capture relevant papers that might not appear in standard databases, aiming to
reduce bias toward highly cited or “headline” studies.

Additionally, we are aware of the risk that some null or less-“exciting” results may
remain under-represented. This critical stance helps readers interpret our conclusions in
light of possible reporting biases.

To gauge confidence in the collective findings, we applied a qualitative certainty
assessment based on three key factors: (1) the presence of multiple independent studies
reporting similar results, (2) transparency and reproducibility of methods, and (3) adequate
sample sizes or dataset volumes.

3. Results

The following subsections present the findings of our systematic review, structured
around five research questions. Each subsection synthesizes evidence from the selected
studies to provide a focused analysis of the role of audio features in educational contexts.

3.1. What Are the Main Technological Uses of Audio Features in Educational Research? (RQ1)

Before presenting our classification, we clarify what we mean by the technological use
of audio features. In this review, a use refers not to the pedagogical goal per se but to the
function that audio-derived data fulfills within the study’s analytical design. This includes
tasks such as identifying question types, detecting emotional cues, inferring group behavior,
or producing automated feedback. The key contribution lies in how audio features drive
analytical understanding and facilitate automated processes.

This perspective allows us to frame audio usage as a continuum of increasing abstrac-
tion. At one end are studies that focus on low-level classification tasks (e.g., detecting
specific interventions); at the other end are those that synthesize audio-derived insights
into feedback intended for stakeholders.

Our classification scheme thus aims to make sense of the current research landscape
by analyzing what problems audio features are being applied to solve. While many studies
touch on multiple goals, we assigned each to a single primary category to support consistent
comparison. The distribution of studies across these categories is shown in Figure 5.

The most common applications fall into two categories: feedback provision and behav-
ioral/emotional analysis, which together account for more than half of the reviewed studies.

A smaller but still significant portion of the literature (18 out of 82 studies) concentrates
on classroom dynamics, particularly in characterizing classroom climate and identifying
teaching strategies. Finally, intervention classification emerges as the least frequent cate-
gory in our review. These studies focus on assigning teacher or student interventions to
predefined categories established during the research process.
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Figure 5. Main uses detected in the analyzed literature (RQ1).

The four categories follow a conceptual hierarchy based on the level of abstraction of
the information extracted. At the lowest level, studies on intervention classification focus
on isolated speech events; these feed into analyses of emotions and behaviors, which in turn
contribute to understanding broader classroom dynamics. The highest level of abstraction is
found in feedback-oriented studies, which synthesize insights from the previous categories
to inform educational decision-making.

3.1.1. Intervention Classification

This category encompasses studies focused on the automated classification of individ-
ual interventions, typically utterances made by teachers or students. These approaches aim
to identify pedagogically relevant patterns at the utterance level, such as the presence of
questions, argument components, or instructional strategies.

A common objective is question detection, with early work such as [17] developing
machine learning models to identify teacher questions that promote student participation.
This direction has evolved to emphasize the detection of authentic questions, as explored
by [18,19] and further discussed in [20,21].

Beyond questions, other studies apply natural language processing (NLP) techniques
to classify rhetorical or argumentative structures. For instance, Lugini and Litman [22]
investigates the identification of argument components within student interventions to
better understand the structure of classroom discourse. Others, like [23], use low-level
acoustic features for the classification.

Although these studies focus on isolated speech units, their findings often serve as the
foundation for higher-level analyses of classroom interaction and engagement.

3.1.2. Emotion and Behavior Analysis

This category encompasses studies that analyze group behavior, student engagement,
and emotional dynamics in classroom settings. Audio features are leveraged to extract
information about interaction patterns, social regulation processes, and affective states,
offering insights into how students collaborate and how emotions manifest during learning.

A subset of studies focuses on collaborative behavior and group dynamics. For in-
stance, Dang et al. [24] investigates socially shared regulation in small groups, empha-
sizing the pedagogical role of silent pauses. Other studies, such as [25], aim to identify
different interaction phases (cognitive, metacognitive, and social) during group work.
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Diarization-based methods are employed by [26] to analyze participation while preserving
student privacy.

Another line of work targets engagement and attention. Refs. [27,28] examine acoustic
cues to infer students” interest and concentration levels throughout lessons, aiming to
identify moments of disengagement or heightened attention.

Emotional analysis represents a parallel but related focus. Hou et al. [29] examines
classroom expressions of encouragement and warmth, while Yuzhong [30] explores student
emotions in politically oriented instruction. Teacher emotions are also considered in [31],
which classifies emotional tones in teacher speech to understand how effective expression
contributes to classroom climate.

Taken together, these studies illustrate how behavioral and emotional insights derived
from audio features can illuminate aspects of classroom functioning that are not easily
observable through traditional metrics. By capturing how students interact, regulate,
and respond emotionally, this category provides critical inputs for the design of supportive
learning environments. Moreover, these analyses often serve as a foundational layer for
more complex educational interventions, such as those aimed at providing personalized
feedback or informing pedagogical adjustments.

3.1.3. Classroom Dynamics

Classroom dynamics captures the evolving nature of classroom interactions by focus-
ing on how teacher strategies, student responses, and the structure of classroom activities
unfold over time. Unlike studies that examine static emotional states or isolated events,
these works investigate how multiple signals (e.g., verbal, acoustic, or behavioral) interact
across temporal sequences to shape the overall learning environment.

A significant focus within this category is the assessment of classroom climate. For ex-
ample, James et al. [32] combines audio and video features to model the overall atmosphere
of a class session. This line of work continues in [33,34], where the authors use the CLASS
(classroom assessment scoring system) framework to automatically classify sessions as
exhibiting either positive or negative climate characteristics.

Other studies emphasize the temporal structure of lessons and how teaching unfolds
in real time. Uzelac et al. [35], for instance, uses student feedback to evaluate the per-
ceived quality of lectures, implicitly assessing the classroom dynamic from the learner’s
perspective. In more technical approaches, Siddhartha et al. [36] explores the detection
of classroom events under noisy conditions, while Canovas and Garcfa [37] applies audio
diarization techniques to classify different teaching methodologies based on the structure
of interactions observed.

These studies reveal that classroom dynamics are not reducible to isolated actions
or emotions but rather emerge from the ongoing interplay of multiple pedagogical and
communicative signals. By capturing this temporal complexity, the works in this category
provide a crucial lens for understanding teaching effectiveness and learning climate, factors
that can guide the design of more adaptive and responsive educational practices.

3.1.4. Feedback Focused

This category includes studies that explicitly use audio-derived information to deliver
feedback to educational stakeholders. Unlike works that remain at the descriptive or obser-
vational level, these studies aim to close the loop by translating insights into instructional
guidance for teachers or learning support for students.

A prominent line of work centers on teacher feedback. Refs. [38,39] quantify teachers’
uptake of student ideas, highlighting how conversational patterns can either reinforce or
hinder student contributions. Similarly, Canovas et al. [40] investigates how competitive
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versus non-competitive response systems influence teacher behavior, providing reflective
feedback that helps educators adjust their instructional strategies.

Other studies focus more narrowly on improving questioning techniques. For example,
Liu et al. [41] analyzes teachers’ focus questions and provides targeted feedback to enhance
student engagement. In the same vein, Hunkins et al. [42] examines how specific teacher
interventions affect students” motivation, sense of identity, and classroom belonging. In
line with this, Dale et al. [43] examine teacher speech to enable self-reflection and support
instructional improvement.

On the student side, feedback mechanisms are used to guide learning progress. Gerard
et al. [44] introduces an automated support system that helps students answer science
questions, while Varatharaj et al. [45] proposes a predictive model to assess fluency and
accuracy in language learning. These tools aim to replicate or augment teacher evaluations,
providing learners with specific areas for improvement.

3.2. What Are the Most Common Audio Features Used in Educational Studies, and How Are They
Extracted? (RQ2)

The studies examined employ a diverse array of audio features, which can be system-
atically grouped into three distinct groups: acoustic features, diarization-based features,
and NLP-based features. These categories not only reflect the level of abstraction of the
extracted information but also correspond to different analytical strategies employed across
studies. To support interpretability, we provided a structured summary of representative
features within each category, offering readers a reference point for the more technical
descriptions that follow. To our knowledge, this synthesis constitutes the first structured
mapping of audio features and their extraction methods within educational research contexts.

3.2.1. Acoustic Features

Acoustic features operate directly on the raw audio waveform, capturing attributes
such as pitch, energy, spectral properties, and Mel-frequency cepstral coefficients (MFCCs).
These features allow researchers to analyze classroom environments without relying on text
transcriptions, making them particularly useful in noisy settings or when privacy concerns
limit transcription. Time-frequency representations (e.g., Mel-spectrograms) are often
computed using established signal processing libraries such as Praat, PyAudio, OpenSmile,
or Librosa [31,36,46—48].

The main applications of acoustic features relate to classroom climate and emotion
and behavior analysis. Variations in prosodic features, such as pitch, energy, or spectral
envelopes, have been associated with teacher enthusiasm or student disengagement [49],
as well as with shifts in instructional delivery [34,50]. In some cases, acoustic indicators are
combined with NLP techniques to refine the detection of emotional states [51] or used as
the basis for diarization techniques [52].

Extraction workflows for acoustic features typically rely on digital signal processing
(DSP) techniques to compute metrics such as MFCCs, pitch, energy, and zero-crossing
rate (ZCR). More recent approaches leverage deep learning models, such as wav2vec2 or
OpenlL3, to generate acoustic embeddings that capture complex prosodic and paralinguistic
information [36,53]. These features have also proven effective for tasks such as teaching
methodology classification [10,54] or as a basis for voice activity detection (VAD), which
supports downstream processes like diarization [55].

3.2.2. Diarization-Based Features

Diarization-based features aim to determine who is speaking and when enabling
detailed turn-taking analyses within classroom interactions. By segmenting audio into
speaker-specific tracks, these features capture metrics such as speaking time, the number of
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interventions, and the distribution of talk among participants [56]. Voice activity detection
(VAD) often serves as a preliminary step to isolate speech segments from silence or back-
ground noise [57]. These segments are then grouped into speaker clusters using acoustic
similarity, typically via embedding-based techniques (e.g., x-vectors) and clustering algo-
rithms. This turn-level information supports the analysis of engagement patterns, such as
who initiates discussions or how often students respond to peers [58].

The main applications of diarization-based features fall within emotion and behavior
analysis, particularly in the study of classroom participation and collaboration. Knowing
who talks and how often provides insight into whether students engage equitably or
whether discussions are dominated by specific individuals [59,60]. These same metrics are
also used in feedback-focused studies where the ratio of teacher-to-student speaking time or
the distribution of teacher attention across the class is quantified [61]. When combined with
emotional or linguistic indicators, diarization features can contribute to the detection of
classroom climate patterns, such as identifying which speakers tend to offer encouragement
or whether teacher-led sequences reflect particular instructional strategies.

Diarization pipelines typically include a voice activity detection module, followed
by segmentation and speaker clustering. These steps are commonly implemented using
automated toolkits such as pyannote, Kaldi, or Whisper-based diarization, often comple-
mented by pre-trained speaker embedding models. To improve accuracy, some studies
incorporate manual corrections or use auxiliary inputs such as individual microphones or
spatial data [9,62].

Notably, five studies combine diarization and acoustic features, as reported in Table 1.
These combinations are often used to detect engagement patterns or to differentiate between
teaching methodologies [9,63]. By aligning speaker turns with acoustic variations, these
studies offer a more comprehensive understanding of classroom dynamics than using either
feature type alone. For instance, detecting frequent short student utterances alongside shifts
in pitch and energy may signal active but uneven participation, while extended teacher
monologues with low vocal variability might suggest a more transmissive teaching style.
Such multimodal insights provide a nuanced lens through which researchers can infer not
just who is speaking, but how that speaking behavior relates to pedagogical effectiveness.

Table 1. Number of papers with every feature category and combination found (RQ2).

Features Combination Count
Acoustic 21
Acoustic; Diarization 5
Acoustic; NLP 10
Diarization 13
Diarization; NLP 2
NLP 30

3.2.3. NLP-Based Features

Natural language processing (NLP)-based features are often derived from the textual
representation of speech. Typically, the first step involves automatically transcribing
classroom oral interactions using a speech recognition system (e.g., [64,65]), although in
some cases, manual transcriptions are used [66-68]. The quality of transcription, whether
automated or manual, critically influences the reliability of downstream NLP analyses.
Based on these transcripts, linguistic analysis techniques are applied to extract various
indicators, such as word frequency, syntactic complexity, question usage, or keyword
identification [18,19,38,69].
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Many studies focus primarily on examining how teachers formulate questions, pro-
vide feedback, or acknowledge student contributions [70,71]. This emphasis on linguistic
dynamics allows for the analysis of teacher support (feedback-focused), as well as aspects
of classroom climate and underlying emotions (emotion and behavior) when expressions
of encouragement or positive comments are detected [42].

Beyond simple counts of specific words or phrases (e.g., “I” and “We” interroga-
tive words) [19], some studies adopt more advanced NLP approaches, such as TF-IDF,
transformer-based classification, or semantic embeddings, to classify intervention types,
identify authentic questions, or map discourse flow [38,72]. These methodologies enable re-
searchers to detect specific “pedagogical moves” (e.g., rephrasing, requests for justification,
or corrective feedback).

The processing pipeline often begins with an automatic speech recognition system
(e.g., Google Speech-to-Text, Otter.ai, IBM Watson, or Whisper) that generates the transcrip-
tion [64,73]. Next, NLP algorithms are applied to extract linguistic features (e.g., keyword
counts, sentiment analysis, grammatical tagging, or discourse segmentation). In more
complex cases, deep learning models such as BERT are commonly employed for question
classification and semantic encoding, while recurrent architectures (e.g., LSTM) are often
used for emotion recognition or discourse modeling [58,74-76].

Finally, as with acoustic and diarization features, NLP features could also be combined
with these previous features, as shown in Table 1. The combination with acoustic features
is more common, as diarization information is typically integrated into ASR systems when
they identify individual speakers. Examples of this integration include analyzing socially
shared regulation in collaborative learning or understanding how teacher interventions
affect student motivation [24,42].

This range of NLP-based strategies provides researchers with tools to quantify partici-
pation and interaction (emotion and behavior analysis), as well as to uncover patterns of
teacher feedback and their potential effect on student performance (feedback-focused). Fur-
thermore, NLP is the main group of features used in our defined intervention classification
category. Given that verbal content is central to most educational exchanges, NLP-based
features offer perhaps the most direct lens into instructional intent and pedagogical nuance,
explaining their dominant role across multiple use categories.

To provide a comprehensive overview, we constructed a Sankey diagram (Figure 6) to
visualize how the usage categories defined in RQ1 (e.g., feedback-focused and emotion and
behavior analysis) relate to the audio features types employed across studies. The diagram
illustrates how studies connect these categories to the primary audio feature groups (acous-
tic, diarization, and NLP-based) and, subsequently, to specific extracted features, such as
MECC, transcriptions, and participant ratios.

Itis important to note that this visualization reflects every unique combination of usage
and feature types; thus, the total number of connections exceeds the number of studies
included. A disaggregated summary of feature counts by usage category is presented
in Table 2. Notably, classroom dynamics and emotion and behavior analysis are more
frequently associated with acoustic and diarization features, reflecting a focus on capturing
environmental and interactional dynamics. In contrast, studies under feedback-focused
and intervention classification categories predominantly rely on NLP features, emphasizing
the analysis of linguistic content.
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Figure 6. Relationships between types of usage categories (RQ1) and types of audio features identified
(RQ2).

Table 2. Number of papers that use each kind of features by RQ1 category (RQ2).

Tag Features Count
Classroom dynamics Acoustic 5
Classroom dynamics Diarization 2
Emotion and behavior analysis Acoustic 11
Emotion and behavior analysis Diarization 10
Emotion and behavior analysis NLP 8
Feedback focused Acoustic 6
Feedback focused Diarization 2
Feedback focused NLP 18
Intervention Classification Acoustic 9
Intervention Classification Diarization 6
Intervention Classification NLP 10
Technology Development Acoustic 5
Technology Development NLP 6

A summary of the most common acoustic features and their functions is presented in
Table 3.
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Table 3. Description of the main features identified in the literature for acoustic, diarization, and nat-
ural language processing (NLP) approaches (RQ2).

Feature Type

Description

Acoustic Features

These capture low-level acoustic properties of audio (e.g., timbre, pitch, intensity, and
MECC).

Spectral Features

Includes Mel-frequency cepstral coefficients (MFCC), filter bank energies (Fbank), formant
frequencies, spectral entropy, and spectral centroid. These characterize the frequency
content of the audio signal.

Prosodic Features

Encompasses pitch (fundamental frequency), energy /amplitude (volume), and intensity
(decibels), which reveal emphasis, speaking style, or emotional cues.

Time-Domain /Statistical
Features

Covers zero-crossing rate (ZCR), speech speed/rate (words per minute at the acoustic
level), and higher-order statistics (e.g., skewness and kurtosis) of the waveform.

Chroma

Represents the intensity of each of the 12 distinct pitch classes in music/speech, useful
for tonal or harmonic analysis.

Diarization Features

These focus on identifying “who spoke when,” measuring how speech is distributed
among individuals, and capturing dynamics of turn-taking.

Turn-Taking and Number
of Turns

Measures each change of speaker or turn in the conversation (e.g., turn counts, very short
utterances, and participant order).

Speaking Time/Talk Ratio

Quantifies how long each individual (or group) speaks, useful for comparing teacher vs.
student speech.

Speaker Identification/U-
niqueness

Detects how many distinct voices appear and how often each participant speaks.

Silence Detection

Tracks periods of no speech (silent pauses, pause duration, and silence ratio), which can
indicate reflection or inactivity.

Participation Equality/-
Participant Ratio

Reflects whether speech is evenly distributed or dominated by a single speaker.

Speech Overlap/Interrup-
tions

Monitors when multiple speakers talk simultaneously, showing interaction flow.

Direction of Arrival

Locates the position of a speaker in the physical environment, used in multi-microphone
setups.

NLP Features

These derive from textual representations of speech (i.e., after transcription) and capture
linguistic, semantic, or conversational structures.

Transcription-Based Lexi-
cal Features

Direct use of transcribed text (including raw word tokens, word counts, and words per
minute).

Keyword /Key-Phrase De-
tection

Identifies specific terms or question stems (e.g., “why” and “how” domain-related key-
words).

POS Tagging and Gram-
matical Analysis

Uses part-of-speech tags, syntactic dependencies, named entities, or discourse relations.

N-grams, TF-IDF, and Em-
beddings

Captures local word sequences (n-grams), term-frequency distributions (TF-IDF), or se-
mantic overlap (embedding-based comparisons and pointwise Jensen-Shannon diver-
gence).

Semantic/Pedagogical In-
dicators

Focuses on features like “teacher uptake of student ideas”, sentiment or emotion in text,
and question authenticity.

3.3. How Do Researchers Combine Audio Features with Other Data Sources? (RQ3)

Audio features, while rich in information, are often insufficient to capture the full
complexity of classroom interactions on their own. Educational settings are inherently
multimodal, involving not only spoken language but also gestures, visual cues, physiolog-



Appl. Sci. 2025, 15, 6911

17 of 41

ical signals, and contextual data. To address this, researchers frequently integrate audio
with other data sources, a practice widely recognized under the umbrella of multimodal
learning analytics (MMLA) [11,77].

This integration is not merely additive but complementary: while audio may capture
intonation or turn-taking, video can provide facial expressions and body posture, and log
data can contextualize student actions and engagement. Machine learning models, particu-
larly those based on deep learning, have enabled the joint modeling of such heterogeneous
signals [78].

In our review, we found that nearly one-third of the analyzed studies adopt a multi-
modal approach, most commonly combining audio with video features. Other studies also
incorporate contextual, environmental, biological, or academic performance data. Figure 7
shows the proportion of multimodal studies, while Table 4 summarizes the frequency and
function of each data type across the reviewed literature.

None
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Video Biological
19 Enviromental
2 Academic

%20°9
S
s301
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Figure 7. Distribution of analyzed papers that uses a multimodal approach (RQ3).

It is important to note that not every educational task requires multimodal data. In many
cases, audio alone suffices to answer the research questions, for example, identifying teacher
question types or measuring talk-time distributions. Adding video, physiological signals,
or logs could enrich the analysis but also raise the cost and complexity of data collection
(e.g., camera setup, synchronization, and classroom consent) and processing. Therefore,
although multimodal pipelines are on the rise thanks to modern deep-learning models,
a majority of studies remain unimodal because their core goals can be met with audio-only
features, which are faster, cheaper, and easier to obtain in real-world school settings.

3.3.1. Combination of Audio and Video Features

Several studies integrate audio and video features to build richer representations of
classroom dynamics. While audio captures elements such as speech content, turn-taking,
and prosody, video provides complementary signals, including facial expressions, gaze,
and posture, offering insights that are otherwise inaccessible through audio alone.

Some works use video primarily as a tool to support the labeling or segmentation
of audio data. For example, D’Angelo and Rajarathinam [57] combine diarized audio
with video labels to analyze teaching assistant interventions during collaborative problem-
solving, allowing for detailed mapping of intervention timing and response. Similarly,
refs. [56,60,79,80] use video to segment turn-taking episodes in engineering classrooms,
contextualizing audio-based interaction markers with visual cues.

Other studies extract concrete video features that are combined with audio in multi-
modal machine learning models. For instance, Ramakrishnan et al. [48] use face count and
facial emotion recognition to estimate classroom climate alongside acoustic features. Ma
et al. [53] incorporate facial action units (FAUs), eye gaze, and body pose to detect confusion
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and conflict during pair collaboration. Likewise, Heng et al. [9] fuse audio features with
pose estimation data to identify teaching methodologies, while Chan et al. [81] include face
detection and actions like note-taking to assess student engagement.

Opverall, the combination of audio and video data enables a multidimensional view of
classroom interactions, supporting the identification of affective states, collaborative dy-
namics, and pedagogical patterns that would be challenging to infer from a single modality.

3.3.2. Combination of Audio and Contextual Data

Beyond video, several studies integrate audio features with contextual data to deepen
their understanding of educational processes. These contextual signals, ranging from log
traces of student activity to physiological or environmental measurements, offer comple-
mentary information that enriches audio-based analyses.

Log data are some of the most commonly used forms of contextual information.
For example, refs. [59,82] combine audio features with student-level editing traces (e.g.,
number of characters added or deleted) to estimate collaboration quality. Similarly, studies
like [83,84] integrate student interaction logs with audio inputs to evaluate the accuracy
and usability of teacher dashboards and socially shared regulation.

Some studies also incorporate biological or environmental signals. Prieto et al. [47]
combines audio with physiological indicators such as pupil diameter and blink rate to
classify instructional formats. In another approach, Uzelac et al. [35] use environmental
data (e.g., CO, levels, noise, temperature, and air pressure) alongside audio to assess lecture
quality. Academic data are also used as a secondary context; for instance, Canovas et al. [40]
integrate students” academic performance with audio-derived group behavior indicators to
contextualize responses in audience response systems.

The distribution of feature types used across multimodal studies is summarized in
Table 4. Video features dominate the landscape, with 13 instances used in modeling
tasks and 6 as support information. In contrast, academic, biological, and environmental
data appear more sporadically (each only once), reflecting their specialized use cases.
Log data, meanwhile, play a more balanced role, contributing to both modeling and
contextual enrichment.

Table 4. Types of non-audio features used in multimodal studies and their role in modeling or
support tasks (RQ3).

Feature Type Model Support
Academic 0 1
Biological 1 0

Environmental 1 0
Logs 3 2
Video 13 6

3.4. What Techniques Are Employed to Process Audio Features in Educational Studies, and to
What Extent Are These Solutions Interpretable? (RQ4)

In analyzing how audio features are computationally processed in educational re-
search, we identified three broad methodological categories: statistical analysis, machine
learning, and deep learning. These techniques are applied across the full spectrum of
audio features discussed in RQ2, including acoustic properties, speaker diarization metrics,
and linguistic indicators derived from transcriptions.

This section examines both the nature of these techniques and the degree to which
they incorporate strategies for interpretability or explainable AI (xAI). While technical
details of the models are not revisited here (see [85] for a comprehensive overview), our
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focus lies in categorizing the methodological choices made by researchers and evaluating
how transparently these models support pedagogical interpretation.

Figure 8 presents an overview of the relationship between each methodological cate-
gory and its typical level of interpretability. Interpretability was assessed based on whether
studies included correlation-based insights, feature importance rankings, or advanced
xAl techniques (e.g., SHAP and LIME). As expected, statistical approaches offer the great-
est transparency, while deep learning models, though powerful, generally lack interpre-
tive mechanisms.

Deep Learning (28) No Analysis (38)

No (37)

Feature Importance (20)
Machine.Learning (34)

Yes (41) Inductive Analysis (11)

Statistical analysis (17)
Descriptive Analysis (10)

Figure 8. Sankey diagram illustrating the relationship between the analytical methods employed
(deep learning, machine learning, and statistical analysis) and the presence and type of explainability
techniques. This visualization highlights how interpretability varies across methodological families,
showing which types of explainability (if any) are applied in each case (RQ4).

To explore how these methodological choices map to educational purposes, Figure 9
presents the distribution of techniques across the usage categories defined in RQ1. A clear
trend emerges: deep learning and machine learning are more frequently applied in domains
like classroom dynamics and emotion and behavior analysis, where patterns are abstract or
subtle. In contrast, studies categorized under feedback-focused and intervention classifica-
tion continue to predominantly employ statistical approaches, likely reflecting their closer
alignment with the principles of transparency and the generation of actionable feedback.

25 )
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Figure 9. Relationship between RQ1 categories and RQ4 techniques used (RQ4).
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For the purposes of this review, we distinguish machine learning algorithms from deep
learning models using two objective criteria. First, traditional ML methods (e.g., support
vector machines, random forests, and XGBoost) operate on carefully engineered feature
vectors (e.g., MFCCs, prosodic statistics, and diarization parameters) and generally contain
on the order of 10,000 trainable parameters or fewer. In contrast, deep-learning models
ingest raw or minimally processed audio representations, such as spectrograms or learned
embeddings, and learn hierarchical features end-to-end. These architectures typically
surpass several million trainable parameters and achieve high performance without relying
on manual feature selection or preprocessing.

3.4.1. Machine Learning Techniques

Traditional machine learning (ML) pipelines typically rely on engineered features
extracted from raw audio, such as prosodic attributes, spectral coefficients, or lexical
indicators. These features are then fed into algorithms such as random forests, support
vector machines (SVMs), decision trees, or logistic regression to perform classification,
regression, or clustering tasks. A core strength of these approaches lies in their relative
transparency compared to deep learning approaches: many models allow for the direct
inspection of feature importance, aiding both explainability and pedagogical interpretation.

Numerous studies in this category focus on classifying aspects of classroom discourse
and instructional style. For instance, Tsalera et al. [86] introduces a PCA-based feature
selection strategy to manage high-dimensional audio in noisy classrooms, subsequently
comparing multiple classifiers. Random forests are especially popular: Donnelly et al. [87]
uses them to infer teaching methodologies (e.g., lecture vs. group work) by identifying
the most salient acoustic features, while Prieto et al.[47] applies a similar strategy to detect
instructional formats, discussing the most predictive feature sets for each activity type.

Some researchers go further by combining audio with other data streams. Donnelly
et al. [88], for example, fuses audio with wearable sensor data to segment teacher—student
interactions using naive Bayes classifiers. In contexts with limited technological resources,
simpler classifiers such as KNN or naive Bayes have been tested for low-cost classroom
monitoring and analysis [89,90]. Similarly, Sandanayake and Bandara [91] proposes a
multimodal summarization pipeline combining KNN, speech-to-text models, and textual
clustering to automatically generate lecture summaries.

Feature engineering remains central to these ML-based studies, and authors frequently
report which features (e.g., pitch variation and lexical tokens) contribute most to the model’s
predictions [32]. This emphasis on transparency distinguishes ML from deep learning
approaches. However, more advanced explainability techniques, such as SHAP [92] and
LIME [93], are rarely used in practice. One notable exception is [29], which leverages SHAP
to visualize the contribution of emotional features to model decisions.

Overall, while ML pipelines strike a useful balance between performance and inter-
pretability, the integration of explicit XAl practices remains inconsistent. There is consid-
erable room for improvement in using these tools to strengthen transparency and trust,
especially when outputs are intended to guide pedagogical decision-making.

3.4.2. Deep Learning Techniques

Deep learning (DL) approaches, such as convolutional neural networks (CNNs), long
short-term memory (LSTM) networks, and transformers, typically learn representations
of audio directly from spectrograms or even raw waveforms. This reduces reliance on
handcrafted features but often comes at the cost of increased model opacity, given the
layered and non-linear nature of these architectures.
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In educational contexts, CNNs and LSTMs are frequently applied to tasks such as class-
room sound classification and speech transcription under noisy conditions. For example,
Mou et al. [94] trains both CNN and LSTM architectures on spectrogram inputs to cate-
gorize classroom events, while Siddhartha et al. [36] designs a custom network to handle
the interruptions and acoustic challenges typical of early childhood environments. Trans-
formers, particularly BERT, are used in studies involving transcribed classroom discourse.
For example, Wang and Chen [64] investigates the impact of removing specific word
categories on classification accuracy, while Alic et al. [95] employs BERT to differentiate
between funneling and focusing questions.

More complex architectures are also explored. Alkhamali et al . [46], for instance,
combines CNNs, LSTMs, and transformers in an ensemble to predict emotional states from
classroom audio, reflecting a growing interest in modeling subtle affective cues. Multimodal
integration is another emerging trend, as discussed in Section 3.3: Heng et al. [9] fuses
audio and video streams to model classroom climate, showcasing how DL architectures
naturally accommodate multimodal inputs.

Despite these technical advances, interpretability remains a major limitation. Most
DL studies prioritize performance metrics (e.g., accuracy and F1-score) over explainability.
When attempts are made, they are typically superficial, such as inspecting attention weights
in transformers or correlating predictions with input features. Rigorous explainability
frameworks, such as SHAP or integrated gradients, are rarely used.

This lack of transparency is particularly problematic in educational settings, where
stakeholders must understand and trust system outputs to make informed decisions.
Without interpretable outputs, DL models risk becoming “black boxes” that may perform
well technically but lack pedagogical legitimacy.

3.4.3. Statistical Analyses

A third methodological category relies on classical statistical methods, which often fo-
cus on describing, correlating, or regressing measured audio variables against educational
outcomes. Unlike machine learning or deep learning models, these approaches typically
avoid predictive modeling. Instead, they aim to uncover interpretable relationships be-
tween acoustic or discourse-related metrics and constructs such as student engagement or
teacher—student dynamics.

Several studies exemplify this approach. For instance, D’ Angelo and Rajarathinam [57]
analyzes the talk-time of teaching assistants and relates it to collaborative group perfor-
mance using basic correlation measures. The same authors [56] similarly links instructor
talk patterns to student responses through correlation coefficients. Others apply regression-
based methods: Demszky et al. [58] models how real-time measures of teacher talk-time
predict engagement levels. Experimental comparisons also appear, such as in [63], where an
“engagement index” derived from acoustic and visual cues is compared statistically across
baseline and intervention conditions. Studies like [37] use descriptive and correlational
statistics to examine the structure of instructional discourse, while Hardman [96] inter-
prets teacher-to-student talk ratios as indicators of classroom authority and control. Along
similar lines, France [97] analyzes how teachers value dialogue and how they implement it
in classroom practice, drawing on statistical analyses to explore its perceived importance
and actual use.

These methods offer a key advantage: immediate interpretability. Coefficients, effect
sizes, and p-values provide clear, direct evidence of how specific features relate to edu-
cational variables. This transparency makes statistical analysis particularly useful when
communicating findings to educators and stakeholders who may lack technical expertise.
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However, this interpretability often comes at the expense of modeling complexity. Sta-
tistical approaches may overlook nuanced patterns or interactions that more sophisticated
machine learning techniques can detect. Nonetheless, their use remains widespread, especially
in studies prioritizing theoretical validation or descriptive insight over predictive accuracy.

3.4.4. Extent of Interpretability and xAI Practices

Overall, most articles focus on improving predictive accuracy or illustrating empir-
ical relationships rather than detailing how each audio feature drives model decisions.
Nevertheless, three broad approaches to interpretability appear with varying frequencies:

1.  Inductive (Correlation-Based) Analysis: Several studies employ correlation and re-
gression analyses to explore associations between audio features and educational
outcomes. While not true explainability methods in the XAl sense, these inductive ap-
proaches are used as proxies to validate whether model decisions align with expected
behavioral patterns. For example, Chejara et al. [82] correlates audio-based collabora-
tion features with model outcomes to check generalizability, while Chejara et al. [98]
similarly relies on correlation metrics to validate whether ML models remain robust
across different classroom environments. These methods provide initial evidence of
construct validity but fall short of revealing how individual predictions are made.

2. Feature Importance: Tree-based ML algorithms such as random forests or gradient-
boosted trees enable direct analysis of feature contributions, often through built-in
importance metrics. These have been used to highlight which acoustic or linguistic
features drive model predictions. For instance, Donnelly et al. [99] identifies para
verbal signals as key markers for detecting teacher questions, and James et al. [32]
uses feature importance to analyze contributors to perceived classroom climate. In a
more advanced case, Hou et al. [29] applies SHAP values to clarify how emotional
features contribute to warm or encouraging feedback. While useful, such practices are
applied inconsistently across studies and often without methodological transparency
or justification for the selected xAl technique.

3. Descriptive Analysis: Some studies enhance interpretability by comparing model
outputs with human-annotated ground truth or classroom observations. These com-
parisons, while not algorithmic explanations, provide qualitative insight into how
predictions align with real-world phenomena. For instance, Cook et al. [18] illustrates
discrepancies between its regression-tree predictions and human-coded discourse
segments, while Kelly et al. [19] analyzes how the model compares with the perfor-
mance of human annotators. These approaches can build trust among end users,
particularly educators, by revealing whether the system offers pedagogical value in
their reasoning. However, they remain anecdotal and rarely constitute a systematic
framework for interpretability.

Across the reviewed literature, statistical models offer inherent transparency by design,
while ML models provide moderate interpretability depending on the availability of feature
attribution methods. In contrast, DL approaches tend to sacrifice transparency in favor
of performance, with only rare instances incorporating formal xAlI tools. This trade-off
between predictive power and explainability is a key concern for the deployment of these
systems in real educational settings, where understanding the basis of decisions is often
as critical as the output itself. In our corpus, only 7 out of 27 deep learning studies (26%)
explicitly reported the use of explainability techniques, compared to 17 out of 34 machine
learning studies (50%). These figures highlight a significant interpretability gap in the most
complex and widely adopted approaches, one that deserves more attention if educational
stakeholders are to trust and adopt Al-powered systems in practice.
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3.5. Which Studies Provide Feedback for Participants Derived from Obtained Results? (RQ5)

Providing feedback to teachers and students is a key mechanism for translating
analytical insights into pedagogical action. In educational settings, feedback serves as a
bridge between data and practice, allowing teachers to refine their instructional strategies,
students to reflect on their learning behaviors, and both groups to engage in more effective
classroom interactions. Without such mechanisms, the potential of audio-based analytics
remains largely theoretical, disconnected from the real-world contexts they are intended
to support.

In this question, we examine how studies in our corpus integrate feedback into their
design. Specifically, we analyze who receives the feedback, what type of information is
shared, and when it is delivered. This approach allows us to map the practical utility of
audio-derived data across educational scenarios.

However, it is important to highlight a critical limitation in the current literature:
very few studies discuss the perception, acceptance, or impact of feedback mechanisms
from the perspective of the actual stakeholders—teachers and students. While some papers
mention user-facing dashboards or post-session summaries, most do not include empirical
evaluations of how these outputs were received or used in practice, nor whether they
resulted in actual pedagogical changes. This lack of user-centered assessment restricts our
ability to draw conclusions about the effectiveness, usability, or educational value of these
systems. We return to this gap in the discussion as a key avenue for future research.

Of the 82 reviewed articles, only 11 (approximately 13%) explicitly report delivering
feedback derived from audio features to participants. Despite being a minority, these
studies provide valuable insights into the current state of feedback integration in audio-
based educational research. To structure our analysis, we organize the findings according to
three dimensions: who receives the feedback, what kind of information is shared, and when
the feedback is delivered.

3.5.1. Who Receives the Feedback?

Most studies delivering feedback target teachers as the primary recipients. The goal is
typically to help them refine pedagogical strategies using insights derived from their own
classroom discourse, for example, their use of specific talk moves, questioning patterns,
or instructional vocabulary. In one case, teachers received personalized statistics on their
use of mathematics terminology and the distribution of teacher-student talk-time, with com-
parisons against their own past data and the behavior of other platform users [100]. Other
studies similarly provide post-session feedback summarizing discourse patterns or question
types, encouraging gradual, data-informed pedagogical refinement [41,71,101,102].

While teacher-focused feedback dominates, a smaller group of studies extends feed-
back to students, either directly or through mediated teacher actions. Some systems benefit
both teachers and students simultaneously by visualizing classroom participation in real
time, for example, dashboards that display talk-time proportions or overlapping speech,
prompting more balanced turn-taking [58]. Other systems offer individualized feedback
to students, such as metrics on pronunciation accuracy or fluency scores. In these cases,
teachers may also receive alerts when students fall below performance thresholds, allowing
for timely instructional interventions [44,45]. This dual-feedback approach can support not
only student reflection but also responsive teaching.

3.5.2. What Kind of Feedback Is Delivered?

Most feedback systems in the reviewed literature rely on quantitative metrics to
make classroom dynamics visible. These include measures such as talk-time, frequency
of authentic questions, or discipline-specific vocabulary use, which serve as interpretable
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baselines for reflection and instructional refinement. For example, one study provides real-
time speaking ratios that help teachers and students rebalance participation mid-lesson [58].
Another tracks how often teachers pose authentic questions and examine the relationship
between these frequencies and student engagement levels [101].

Beyond raw counts, several platforms enhance quantitative feedback with interpreta-
tive guidance. They highlight specific moments where teachers used effective discourse
strategies and offer actionable suggestions, such as rephrasing or elaboration moves, that
may promote deeper student reasoning [41,100]. Dashboards frequently incorporate color-
coded visualizations to identify zones of high or low engagement, helping educators focus
attention where it is most needed [27,83].

Notably, while quantitative feedback dominates, few studies attempt to provide quali-
tative or normative feedback, for example, judgments about whether a teacher’s interaction
style aligns with pedagogical best practices. This absence may reflect an implicit reluctance
to define what constitutes ‘good teaching.” Educational contexts vary widely, and there
is little consensus on ideal instructional behavior. In practice, providing such evaluative
guidance would require not only technical robustness but also normative frameworks
capable of accounting for differences in subject matter, age group, and cultural setting. As a
result, most systems remain focused on reporting metrics rather than interpreting them in
light of pedagogical theory or instructional goals.

3.5.3. When Is Feedback Delivered?

Feedback timing varies considerably across studies, revealing trade-offs between
immediate interventions and reflective practice.

Real-Time Feedback

A small subset of studies implement real-time feedback, offering live insights during
classroom sessions. In these scenarios, both teachers and students make immediate adjust-
ments: one system updates a display of talk-time balances every 20 min, leading to a quick
rebalancing of classroom discourse [58]. Another approach visualizes student interest levels
in real time, allowing instructors to quickly pivot if engagement appears to wane [27].

Post-Session Feedback

More commonly, feedback is delivered after a session or across multiple sessions.
Teachers might receive summaries of their questioning techniques, discourse moves, or en-
gagement metrics after each class [71,100,102]. This setup favors reflective practice, allow-
ing educators to review and adapt without the pressure of real-time classroom management.
Longitudinal feedback, where data is collected and returned across weeks or months, has
also been explored to track instructional change over time [41,101].

Single Exposure or Irregular Delivery

A few studies deliver feedback only once or at irregular intervals, often within pilot
trials or prototype demonstrations. For instance, [83] uses vignette-based dashboards to
gauge educators’ trust in feedback systems but does not implement sustained use. These
instances serve more as proof-of-concept explorations than fully integrated classroom tools.

4. Discussion of Findings and Implications

This section critically synthesizes the main findings of our review, highlighting key
limitations and opportunities in the current use of audio features within educational research.
While the reviewed studies demonstrate considerable technical sophistication, spanning
acoustic, diarization, and linguistic features, multimodal integration, and advanced processing
techniques, we identify three recurring issues that constrain the field’s practical impact.
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4.1. Challenges in Explainability

This section addresses a critical pattern that cuts across multiple research questions: de-
spite the richness of audio-derived data (RQ2), its combination with other modalities (RQ3),
the sophistication of processing techniques (RQ4), and even its intended use for feedback
(RQ1 and RQ5), few studies succeed in translating analytics into pedagogical action.

As seen in RQ2, researchers extract a wide array of features, from low-level acoustic
metrics and speaker diarization to sophisticated NLP indicators, offering a detailed repre-
sentation of classroom discourse. These features are then processed using machine learning
(RQ4), including explainable models such as decision trees and feature attribution methods
or with deep learning pipelines that promise high performance but limited interpretability.
For audio analytics in particular, misidentified prosodic cues or diarization errors can
quickly erode teacher confidence; without transparent rationales, educators are unlikely to
trust or act on the model’s recommendations. While a few studies do attempt to provide
actionable feedback, often through visual dashboards or targeted recommendations, these
remain exceptions. The vast majority stop at reporting descriptive indicators, shifting the
responsibility for interpretation and pedagogical action entirely to the user.

This limitation is particularly evident in RQ1, where feedback provision emerges as
one of the most common use cases. However, as shown in RQ5, the feedback offered is
typically generic, quantitative, and delivered post hoc. While teachers may receive dash-
boards displaying metrics such as talk ratios or the frequency of authentic questions, these
indicators are seldom accompanied by an explanation of their relevance or instructional
implications. Moreover, when feedback is provided, it often lacks evidence of real-world
deployment or user adoption, as most systems are confined to academic prototypes and
remain untested in practical classroom environments [103].

Embedding a human-in-the-loop (HITL) methodology can address both the need for
explainability and meaningful stakeholder involvement. By design, HITL systems require
transparent, interpretable outputs so that educators can review, correct, and refine model
predictions in real time. This process ensures that each step, from feature extraction to
final recommendations, is accompanied by an explanation that teachers understand and
trust. Simultaneously, involving teachers (and, when possible, students) in iterative model
refinement grounds development in actual classroom practices, leading to tools that align
with pedagogical goals and have higher adoption rates. For example, Qui et al. [104]
demonstrate usage of GenAl for teaching and learning systems in which instructors mon-
itor and adjust LLM-generated feedback during live sessions, ensuring that suggested
interventions remain contextually appropriate.

A further challenge lies in the widespread reluctance to make normative claims about
what constitutes “good” teaching. This hesitation is understandable, given the diversity of
educational contexts and pedagogical philosophies. However, in the absence of interpre-
tive scaffolds or evaluative frameworks, feedback risks becoming either meaningless or
misinterpreted. Translating analytical outputs into actionable insights would require the
integration of explainable models with established pedagogical principles, an approach
that remains rare in the current literature.

Yet the problem may not lie in the individual contributions of each study but in
their isolation. When viewed collectively, the field has already developed many of the
building blocks needed for real-world applications. Tools like TeachFX (https:/ /teachfx.
com) demonstrate that it is possible to deliver personalized, real-time feedback on teacher
discourse using audio analytics. These tools draw upon many of the same techniques
and features found in our reviewed corpus, suggesting that research findings are indeed
translatable if properly integrated.
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4.2. Data Availability and Privacy Constraints

One of the most striking patterns across the reviewed literature is the widespread use
of locally collected, non-public datasets, often recorded in specific classrooms or institutions
to support experimental prototypes [105]. While this is understandable given the logistical
and ethical complexities of educational data collection, it has resulted in a highly fragmented
research landscape, particularly when it comes to audio and multimodal data (RQ2 and RQ3).

There are currently no widely adopted standards for how audio data should be
recorded in educational settings. Some studies use a single microphone placed centrally in
the classroom; others distribute multiple microphones across the room, and some attach
individual recorders to each participant. These decisions, driven by convenience, resources,
or technical constraints, profoundly affect the quality and type of features that can be
extracted, such as signal-to-noise ratios, speaker separability for diarization, or prosodic
fidelity (RQ2). As a consequence, models trained under one recording setup may struggle
to generalize to another (RQ4), limiting the applicability of proposed solutions.

This issue is further compounded by the near-total absence of dataset publication.
Very few studies share their recordings and even fewer offer access to accompanying
metadata or extracted features. As a result, it is almost impossible to replicate findings or
benchmark new methods on common grounds. This problem is especially critical in a field
that increasingly relies on complex Al models whose performance can be sensitive to minor
variations in data distribution.

Notably absent from most papers is a structured consideration of privacy. Across
the 82 reviewed studies, explicit discussions of data protection, anonymization, or ethical
frameworks were rare despite the sensitive nature of the data involved. This omission is
particularly striking given the frequent use of multimodal inputs (e.g., audio, transcriptions,
and video), often without an accompanying explanation of how personally identifiable
information is safeguarded. Although some studies propose using anonymized diarization
features to preserve privacy [26], most treat privacy as an implicit assumption, not a
methodological constraint.

However, this invisibility of privacy does not make the problem disappear. Transcripts
can expose personal opinions or sensitive content; diarization can link speech to individuals;
video can reveal faces and physical environments. Longitudinal studies (e.g., RQ5) raise
the stakes even further by enabling behavioral tracking over time. In this context, informed
consent is necessary but insufficient. Compliance with data protection frameworks like
the General Data Protection Regulation (GDPR) also requires data minimization, purpose
limitation, and the right to erasure. Voice is a biometric identifier protected under GDPR
Articles 4 and 9, and FERPA treats student speech as personally identifiable information;
consequently, large repositories of raw classroom audio cannot be shared across institutions
without extensive anonymization or legal agreements.

A few notable exceptions do exist. For instance, the TalkMoves dataset [106] provides
access to annotated classroom transcriptions focused on mathematics instruction in K-12
settings. While it does not include raw audio, thus limiting its use for acoustic or diarization
analysis, it represents an important step toward sharing structured, educational data in a
privacy-conscious way. However, such efforts remain isolated and domain-specific.

Given these constraints, the field must find a middle ground between analytical
ambition and ethical responsibility [107]. Directly sharing raw classroom audio or video
may be unfeasible, but a compelling alternative lies in the standardized extraction and
anonymized release of feature sets. These may include acoustic measures, diarization
statistics, and NLP-derived indicators curated to strip away identifiable information while
retaining pedagogical relevance (RQ2 and RQ4). If accompanied by rich metadata about
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the educational context (i.e., subject, age group, cultural background), such datasets could
enable meaningful generalization testing across settings (RQ4, RQ5).

Ultimately, advancing the field will require us to move beyond isolated case studies and
toward a collective infrastructure that is reproducible, privacy-conscious, and pedagogically
focused. The creation of shared, anonymized feature-level benchmarks is not just a technical
necessity, it is a foundation for trustworthy, ethical, and scalable educational research.

4.3. Lack of Pedagogical Interpretation in Analytical Results

A pervasive limitation across the reviewed literature is the tendency to report quantita-
tive results, such as talk-time distributions, question types, or engagement indices, without
translating them into pedagogically actionable recommendations. While these studies offer
detailed analytics, they rarely address the practical question that educators face: what
does this mean for my teaching? Instead, the interpretive burden is implicitly placed on
the teacher, who must infer whether the measured patterns are desirable, problematic,
or contextually appropriate. The feedback, even when provided, is often generic and
descriptive, lacking the guidance necessary to inform instructional decision-making [108].

This disconnect reveals an epistemological mismatch between the precision of compu-
tational models and the situated complexity of educational practice. For example, detecting
that a teacher asked few “authentic questions” may highlight a pattern, but it does not clar-
ify whether this pattern was pedagogically appropriate for that lesson’s objectives, student
level, or classroom culture. In other cases, studies flag high or low teacher talk-time yet
offer no interpretive baseline against which to judge these values. As a result, many outputs
remain technically sophisticated but pedagogically inert, becoming precise measurements
with unclear implications [109].

In many areas of educational analytics, advanced models have already outperformed
classical approaches. For instance, Aljohani, et al. [110] demonstrated that a model based on
neural networks trained on clickstream data from a virtual learning environment achieved
higher accuracy in predicting at-risk students than traditional logistic regression. This sug-
gests that adopting more complex architectures to learn hierarchical audio representations
directly, rather than relying on manually engineered features, could similarly yield more
robust and generalizable insights in classroom audio analytics.

Furthermore, integrating analytics within established formative assessment mod-
els [111] can transform raw metrics into actionable guidance. For example, if audio analyt-
ics reveal that students speak less than 10% of class time, a teacher can use that evidence
to adjust instruction in real time, perhaps by posing more open-ended questions or in-
corporating think—pair—share activities to boost engagement. By aligning audio-derived
insights with the feedback-for-learning cycle (gather evidence, interpret, adjust instruction,
and gather new evidence), educators receive concrete steps, rather than abstract data,
to enhance teaching and learning outcomes.

To bridge this gap, a more integrated research design that includes the active partici-
pation of pedagogical experts from the outset is required. These experts can help determine
which features are educationally meaningful and how they should be interpreted within
varied classroom contexts [112]. Moreover, their input is essential for translating numeric
results into normative statements: not just what is happening, but whether it should be
happening, and if not, what might be done differently, as reflected in approaches such as
design-based research and human-centered learning analytics [113].

Generative Al offers a promising complement in this regard. When fine-tuned on
domain-specific corpora, including classroom recordings, transcriptions, and expert com-
mentary, LLMs could support teachers by delivering conversational, context-aware in-
terpretations of feedback, improving what other works already do [114,115]. Instead of
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receiving abstract metrics or visualizations, teachers could ask questions like “Is it a prob-
lem that I spoke 80% of the time?” or “What does it mean that I used mostly funneling
questions?” and receive grounded, nuanced answers. By embedding expert pedagogical
reasoning into the model’s responses, LLMs could act as a bridge between analytic outputs
and instructional sense-making.

Recent papers offer concrete classroom demonstrations of LLM-driven feedback.
Ref. [116] reports on “Feedback on Feedback”, where few-shot prompting with a large
language model produces personalized writing feedback that students rate as more specific
and useful than teacher-only comments. Likewise, ref. [104] presents a human-in-the-loop
GenAl dashboard that lets instructors monitor and tweak real-time LLM guidance during
lessons, ensuring suggestions remain pedagogically sound. If LLM systems can already
support students in these ways, similar architectures could be adapted for teaching ana-
lytics on audio-derived metrics and actionable ideas embedded in formative assessment
cycles or other instructional design models.

5. Conclusions

This systematic review provides a focused examination of how audio features are used
within educational research, encompassing low-level acoustic features, speaker diarization
metrics, and linguistic indicators derived via NLP. These features are analyzed across
different levels of abstraction and use, providing a structured account of their role in
modeling classroom discourse and supporting educational analysis.

Beyond this mapping, our synthesis reveals several systemic limitations that constrain
the practical impact of these technologies. Despite significant technical progress, many
studies fall short of translating their outputs into insights that are pedagogically actionable.
While some recent studies offer promising approaches, e.g., interpretable models or privacy-
aware feature extraction, these remain exceptions. Most contributions still operate in
fragmented data silos with limited pedagogical scaffolding or replicability. These challenges
reflect a persistent misalignment between the analytical capabilities of current systems and
the practical needs of educators and learners.

To advance the field, we identify three strategic priorities. First, enhancing the explain-
ability of analytic systems is essential to ensure that stakeholders can understand, trust,
and make informed use of model outputs. Second, the development and publication of
standardized, anonymized feature-level datasets is critical for improving reproducibility,
enabling cross-context evaluation, and ensuring ethical use of sensitive data. Third, future
research should prioritize the active involvement of educational experts throughout the
design process, fostering systems that are not only technically robust but also aligned with
real-world pedagogical needs.
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Resumen

Using automated models to analyze classroom discourse is a valuable tool for educators
to improve their teaching methods. In this paper, we focus on exploring alternatives to
ensure the generalizability of models for identifying teaching practices across diverse tea-
ching contexts. Our proposal utilizes artificial intelligence to analyze audio recordings of
classroom activities. By leveraging deep learning for speaker diarization and traditional
machine learning algorithms for classifying teaching practices, we extract features from
the audio diarization using a processing pipeline to provide detailed insights into teaching
dynamics. These features enable the classification of three distinct teaching practices: lec-
tures, group discussions, and the use of audience response systems. Our findings demons-
trate that these features effectively capture the nuances of teacher-student interactions,
allowing for a refined analysis of teaching styles. To enhance the robustness and genera-
lizability of our model, we explore various pipelines for audio processing, evaluating the
model’s performance across diverse contexts involving different teachers and students. By
comparing these practices and their associated features, we illustrate how Al-driven tools
can support teachers in reflecting on and improving their teaching strategies.



https://doi.org/10.1109/ACCESS.2024.3456915




IEEE Access

Multidisciplinary : Rapid Review : Open Access Journal

Received 2 July 2024, accepted 23 August 2024, date of publication 10 September 2024, date of current version 27 September 2024.

Digital Object Identifier 10.1109/ACCESS.2024.3456915

== APPLIED RESEARCH

Exploring Al Techniques for Generalizable
Teaching Practice Identification

FEDERICO PARDO GARCIA"", OSCAR CANOVAS"“, AND FELIX J. GARCIA CLEMENTE

Departamento de Ingenieria y Tecnologia de Computadores, Universidad de Murcia, 30100 Murcia, Spain
Corresponding author: Federico Pardo Garcia (federico.pardog@um.es)
This work was supported in part by MCIN/AEI/10.13039/501100011033 under Grant TED2021-129300B-100; in part by European Union

NextGenerationEU/PRTR; and in part by MCIN/AEI/10.13039/501100011033/FEDER, European Union, under Grant
PID2021-1224660B-100.

This work involved human subjects or animals in its research. Approval of all ethical and experimental procedures and protocols was
granted by the University of Murcia.

ABSTRACT Using automated models to analyze classroom discourse is a valuable tool for educators
to improve their teaching methods. In this paper, we focus on exploring alternatives to ensure the
generalizability of models for identifying teaching practices across diverse teaching contexts. Our proposal
utilizes artificial intelligence to analyze audio recordings of classroom activities. By leveraging deep learning
for speaker diarization and traditional machine learning algorithms for classifying teaching practices,
we extract features from the audio diarization using a processing pipeline to provide detailed insights into
teaching dynamics. These features enable the classification of three distinct teaching practices: lectures,
group discussions, and the use of audience response systems. Our findings demonstrate that these features
effectively capture the nuances of teacher-student interactions, allowing for a refined analysis of teaching
styles. To enhance the robustness and generalizability of our model, we explore various pipelines for audio
processing, evaluating the model’s performance across diverse contexts involving different teachers and
students. By comparing these practices and their associated features, we illustrate how Al-driven tools can
support teachers in reflecting on and improving their teaching strategies.

INDEX TERMS Audio analysis, deep learning, machine learning, multi-modal learning analytics, speaker
diarization, teaching practices.

I. INTRODUCTION

Effective feedback is crucial for teachers to become effec-
tive educators, enabling continuous learning, reflection on
practice, and adaptation of teaching methods accordingly [1].
Tailored teaching analytics, which provide specific insights
into the performance of teachers for each practice, can offer
valuable guidance.

In this context, Multimodal Learning Analytics (MMLA)
harnesses data from various modalities within the physical
classroom environment to provide a comprehensive view of
teaching and learning dynamics [2]. By integrating data from
several sources (like audio, video, gesture recognition, and

The associate editor coordinating the review of this manuscript and

approving it for publication was Alba Amato

other sensory inputs) MMLA enables a nuanced understand-
ing of teaching and learning processes.

For instance, research shows that automated feedback
to teachers about the ratio of teacher to student talk can
result in a notable increase in student participation [3].
This demonstrates that even basic insights into teachers’
classroom discourse patterns can prompt beneficial changes
in instructional practices.

To effectively analyze classroom dynamics and teaching
practices, it is essential to first identify the specific teaching
methods employed throughout different segments of a
session, such as lecturing, group work, or the use of audience
response systems. This initial identification facilitates a
focused analysis tailored to each specific teaching practice.
By understanding when and how each method is utilized,
educators can gain specific insights relevant to enhancing

© 2024 The Authors. This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 License.
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instructional strategies. For instance, segments of lecturing
can be effectively described and analyzed using features
such as speaking time, utterance duration, use of silence,
and student participation. In contrast, work groups can be
examined through the lens of turn-taking counts, overlapping
utterances, and participation equality among group members.

Consequently, the ability to analyze teaching practices
through automated models using classroom discourse repre-
sents a significant advancement in educational research and
practice. This paper focuses on addressing the challenge of
ensuring the generalizability of these models across various
teaching contexts. This implies that the models are not only
accurate within a specific environment but are also robust
enough to be effective across diverse educational settings,
encompassing various classroom dynamics, teacher styles,
and student behaviors, even beyond the conditions they were
originally trained on.

Our approach is based on several artificial intelligence
(AI) methods to analyze audio recordings of classroom
activities, employing deep learning for speaker diarization [4]
and traditional machine learning algorithms for classifying
teaching practices. By applying these methods, we extract
comprehensive features from the audio data. Through our
research, we show that the extracted features not only capture
the subtleties of teacher-student interactions but also facilitate
a refined analysis of three teaching styles: lectures, group
discussions, and the utilization of audience response systems.
These practices are relevant as they encompass different
modes of interaction between teachers and students.

Following the EFAR-MMLA framework [5], an evaluation
framework to assess and report generalizability of machine
learning models in MMLA, our purpose is to evaluate the
generalizability of our predictive models in a systematized
way. We explore various pipelines for audio processing.
This exploration includes evaluating the model’s performance
across diverse educational contexts, using unseen data. As we
show, an appropriate selection of the modeling steps (noise
reduction, hyperparameters, post-processing) is crucial to
improve the generalizability of the models.

Furthermore, analyzing the features incorporated into
the prediction models is essential for understanding which
aspects drive the model’s performance. This analysis helps
extract information that can enhance the model’s explain-
ability, enabling a more generalized identification of various
teaching practices.

These previously mentioned goals in our research led us to
pose the following research questions:

o RQI: What is the performance of a teaching practice
identification model using a generic pipeline trained on
data from diverse teaching contexts?

« RQ2: Which processing pipeline best enhances the gen-
eralizability of the model’s performance across diverse
teaching contexts for identifying teaching practices?

o RQ3: What features contribute to the generalizability
of the model and effectively describe each teaching
practice across diverse educational contexts?
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To address these questions, we collected a dataset compris-
ing classroom recordings from four distinct higher education
teaching contexts, involving four different teachers and
two different subjects. We utilized this dataset to develop
classification models using a basic pipeline for RQ1. For
RQ2, we identified high-performing pipelines in terms of
cross-context generalizability. Finally, we investigate which
features contribute to generalizability and examine their
relationship to the different teaching practices for RQ3.

The remainder of this paper is organized as follows:
Section II reviews the related work that frames our study.
In Section III, we outline the methodology employed,
followed by a detailed explanation of the processing pipelines
and their application in Section IV. Section V presents
the results derived from our experiments, which are then
examined in Section VI, where we explore their broader
implications. Finally, Section VII concludes the paper by
summarizing our findings and suggesting avenues for future
research.

Il. RELATED WORK

In recent years, numerous studies have analyzed classroom
climate [6] and discourse across various contexts. Our
primary focus is the automated analysis of teacher discourse,
particularly through recorded audio. Although recording
classroom sessions for teacher assessment is not a new
practice, the shift towards automatic analysis of these record-
ings has only recently gained momentum [7]. Most recent
studies employ machine learning or deep learning techniques
to examine different teaching practices and styles [8], [9].
This analysis often involves extracting nonverbal features
or applying natural language processing techniques, which
are not always necessary [10]. Initial research in this
field focused on identifying single or multiple voices in
classroom audio segments [11]. However, our proposal
primarily relies on features derived from the diarization
process, which involves labeling speakers and their respective
speaking instances. This task can be approached using
various methods, from traditional techniques to advanced
neural networks [4], with some methods also incorporating
video to enhance active speaker identification [12].

In relation to classroom discourse, multiple research
teams have dedicated their efforts to the development
and validation of automated models aimed at discerning
fundamental discourse structures, such as lectures and group
work. For instance, Donnelly et al. [13] trained supervised
machine learning models to classify instructional segments,
achieving F1 scores ranging from 0.64 to 0.78. Furthermore,
[14] demonstrated the feasibility of employing automatic
speech recognition and classification models to automatically
segment classroom speech and identify instances where
teachers’ utterances contained questions. Other works based
on automatic speech recognition have focused on segmenting
teacher and student classroom speech [15] and leveraging
low-level acoustic features [16], [17]. Most of the proposals
pay particular attention to the role of the teacher [8] in order
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to classify active learning tasks [18], [19], [20]. However,
some works are beginning to shift their focus towards student
speech as well [21].

To develop their models, researchers have often followed
a standard machine learning process that includes data
collection, pre-processing, feature extraction, model develop-
ment, and evaluation [13], [16], [17]. This process involves
multiple steps (e.g., pre-processing, outlier handling, fine-
tuning) collectively known as the modeling pipeline. Each
step usually offers several options. For instance, it is possible
to reduce noise or to filter outliers. Since the choice of using a
specific technique or not can affect the model’s performance,
it is crucial to understand how different choices impact the
model’s generalizability.

It is worth noting that these works predominantly focus on
achieving high classification accuracy, often overlooking the
provision of discourse features that can serve as descriptive
and informative data [3], [19]. Informative data are crucial
for capturing the nuances of teaching practices and providing
meaningful insights. As we will introduce in Section IV-D,
we defined new features and we also adapted some of the
discourse features from previous works such as [22] and [23]
which were originally designed for group meeting analysis.

Additionally, analyzing different teaching styles requires
generalizability across different contexts, meaning the
model’s ability to perform on unseen data. To ensure this
generalizability, we follow a specific evaluation framework
to assess and report the generalizability of machine learning
models in MMLA (EFAR-MMLA) [5], which has been
used, for example, to evaluate collaboration models [24].We
chose the EFAR-MMLA framework due to its specific focus
on addressing the challenge of generalizability in MMLA
contexts. Unlike traditional evaluation methods, which often
fall short in assessing how well models perform across
diverse learning environments, EFAR-MMLA is designed to
rigorously evaluate and report a model’s ability to generalize
to unseen data across different contexts. By utilizing EFAR-
MMLA, we aim to ensure that our models are not only
accurate but also broadly applicable across various teaching
styles and environments, thereby enhancing the reliability and
applicability of our findings.

In addition to the non-verbal approach, traditional methods
of automated teacher discourse analysis have relied on
automatic speech recognition (ASR) transcripts [25]. While
we are now working on a MMLA system based on non-verbal
features and NLP (Natural Language Processing) techniques,
this latter approach is out of the scope of this paper.

Finally, there is an increasing concern in the learning
analytics field over the interpretability of the machine
learning models used [26]. Explainable AI (XAI) should
be a crucial part in learning analytics, as it enhances the
transparency, trust, and effectiveness of Al systems used in
educational settings. By providing clear and interpretable
insights into Al-driven decisions, XAl helps educators under-
stand and validate the models’ recommendations, leading to
more informed and actionable feedback [27], [28]. This is
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particularly important in education, where the implications
of Al decisions directly affect teaching strategies and student
outcomes.

lll. METHOD

A. DATASET

We conducted our study using audio recordings representing
different teaching contexts, obtained from two courses,
namely Computer Networks and Computing Foundations,
which are part of a bachelor’s degree program in Computer
Science taught in Spanish. To ensure a comprehensive
dataset, we engaged one female and three male teachers to
record their respective classes, resulting in a total of 30 audio
files, each corresponding to an individual class taught by
one of the teachers. The teachers in our sample averaged
20.5 years of experience. The cumulative duration of these
audio files is approximately 27 hours, with each file ranging
from 30 minutes to 2 hours in duration. All the data were
collected with the approval of the teachers, students, and the
Institutional Review Board.

Furthermore, each audio session included supplementary
contextual data. This contextual data encompassed infor-
mation such as the specific course to which the audio file
pertained, the date of the recording, the duration of the audio
file, the number of students present during the recording, the
recording device utilized, the teaching methods employed
during the class session, and the identity of the instructor
delivering the lecture.

In relation to the annotation of the teaching practices
implemented in the classrooms, there are four labels for the
segments of the recordings:

o Lecture. This represents a traditional class where the
teacher explains the course material, and the students
listen to the teacher, take notes, and ask questions
occasionally.

o Wooclap. This label is used when an Audience
Response System [29] is employed in the classroom to
pose questions to the students and engage with them
through the use of mobile devices. Wooclap' is the
platform utilized in all instances.

e Group Work. This represents a session where the
students work in groups to solve problems.

o Other. This label is used when the audio segment
does not align with any preceding description, such as
instances when the teacher is getting ready to start or
during a break in the class. The segments with this label
are omitted for this work.

B. HUMAN CODING

The labeling method adopted consists of an audio timestamp
indicating the start of the label, another timestamp denoting
the end of the labeled segment, and the corresponding
teaching method. This labeling process was manually con-
ducted by a single independent coder from the teaching

1 https://wooclap.com
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TABLE 1. Approximate duration of audio per teacher and label in HH:MM.

Teacher
Method Tl T2 T3 T4 Total
Group Work 1:57 | 2:15 | 1:24 | 2:45 8:21
Lecture 3:39 | 2:57 | 3:15 | 3:12 | 13:03
Wooclap 3:06 | 0:33 | 0:45 | 1:09 | 5:33
Total 8:42 | 5:45 | 524 | 7:06 | 26:57

staff, using the ELAN software.” We believe that a single
coder is appropriate in this case since the different teaching
practices are easily identifiable by a teacher just listening
to the audios. The resulting data serves as the ground truth
for our experimentation. It is worth mentioning that it is
not possible to have a completely balanced dataset where
all the teachers follow the same teaching practices in the
same proportion, as they were not influenced to change their
teaching styles. However, we have attempted to use a dataset
that is reasonably representative and contains sufficient data
for every teaching practice across the different teaching
contexts. The final dataset is composed of 13 hours of
lectures, 5 and a half hours of Wooclap, and 8 hours of group
work. A complete distribution of the dataset per teacher and
teaching method is available in Table 1.

C. EXPERIMENTAL SETUP
During an in-person training session, teachers received
instructions on how to record a class session. As part of this
process, they conducted an initial recording in their respective
classrooms to test and ensure the optimal placement of
the digital recorder (TASCAM DR-07X). Each teacher
was required to record a minimum of ten sessions that
encompassed various teaching practices. For our analysis,
we specifically selected recordings that exhibited high audio
quality, discarding those that did not meet this criterion.
These classes were all held in traditional lecture class-
rooms with a seating capacity of 60 to 90 students. The
classrooms were equipped with tables and chairs facing the
teaching area, which included a desk with fully embedded
technology. To ensure a seamless recording setup, the
handheld digital recorder was discreetly placed on the
teacher’s desk, positioned at least 1.5 meters away from both
the teacher and the students in the front row.

IV. GENERATION OF PROCESSING PIPELINES

Our approach consists of pipelines composed of different
steps. These steps can be either included or skipped to
generate various pipelines, though some steps are mandatory
for every pipeline, such as speaker diarization, feature
calculation, and model training, as shown in Figure 1. The
boxes in yellow represent optional processing steps that can
be combined in different ways to derive diverse pipelines.

A. NOISE REDUCTION
In our study, this step may involve applying a noise reduction
algorithm to minimize background noise. This enhancement

2https://archive.mpi.nl/tla/elan
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FIGURE 1. Pipeline of processing steps and data elements.

could benefit the accuracy of subsequent stages, notably
affecting the diarization and feature extraction processes.
For example, we have tested the noisereduce library [30]
which employs a spectral subtraction-based noise reduction
algorithm, which estimates the noise profile within the
audio and subtracts this from the original signal. We have
noticed that this preprocessing step sometimes alters the
diarization process, particularly in identifying speakers.
Recent proposals suggest filtering out segments that could
lead to incorrect automated transcriptions using neural
networks, which could be useful in future works to discard
problematic audio segments [31].

B. SPEAKER EMBEDDING GENERATION

To capture the distinctive features of the teacher’s voice,
we utilize speaker embeddings based on x-vectors [32].
These embeddings enable the subsequent identification of
the teacher’s speech within the diarization process for any
given audio recording. The Pyannote-audio library [33] is
employed to generate these embeddings, using a consistent
model throughout the diarization process to ensure the
embeddings are comparable. Currently, we do not create
specific embeddings for students, as our feature extraction
process groups them as a single entity.

C. SPEAKER DIARIZATION

Speaker diarization is the process of dividing audio record-
ings into segments and assigning speaker labels to determine
“Who Speaks When”. A diarization system comprises
a Voice Activity Detection (VAD) model that identifies
time intervals in the audio where speech is present while
ignoring background noise. In our approach, we are able
to differentiate the teacher’s speech; however, we do not
distinguish between individual students, labeling all other
speakers as ‘Students’. Achieving precise speaker diarization
can be accomplished using tools like Pyannote-audio,* which
is the option that we used in our experiments.

3 https://github.com/pyannote/pyannote-audio
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TABLE 2. Description of features.

Feature Type | Feature Name Description
Per Role Participant Speaking Ratio (PSR) The ratio of participation of each role during the recording segment.
Per Role Participant Speaking Utterances (PSU) The number of utterances in the current recording segment.
Per Role Participant Speaking Utterances Ratio The ratio of utterances of each role during the recording segment.
(PSUR)
Per Role Average Participant Speaking The average duration of the utterances of each role.
Utterance Duration (APSUD)
Global Average Lapse Duration (ALD) The average duration of the period of silence.
Global Silence Ratio (SR) The ratio of the period of silence during the recording segment.
Global Average Pause Duration (APD) The average duration of silence intervals between utterances by the same participant.
Global Participation Equality (PEQ) An indicator that assesses the balance of participation among different roles. It is calculated
following the methodology outlined in [23]. Values close to 1 indicate an equal distribution
of participation.
Global Turn Taking Count (TTC) The number of turn changes that occurred in the dialogue between students and the teacher.
Global Very Short Utterances Ratio (VSUR) The ratio of very short speech utterances (less than 2 seconds) over the total.
Global Overlapping Rate (OVR) The rate of overlapping time of different participants.
Global Overlapping Utterances Rate (OVUR) The ratio of utterances that are overlapped.
Global Mumble Ratio (MR) This evaluates the extent of voice activity that cannot be attributed to a particular speaker
during the diarization process.

D. FEATURE CALCULATION

Considering previous works [22], [23], we defined several
non-verbal features [34] extracted from the diarization. Our
aim is to analyze whether these features can be used to
train generalizable models for identifying teaching practices.
Specifically, we defined four discourse features per role
(teacher and students) and nine global discourse features,
which are described in Table 2.

The primary objective behind extracting these features
is to capture relevant information for training models that
can reliably discern the employed teaching methodologies
in a generalizable manner across contexts. Additionally,
these features provide valuable insights into the dynamics
of teacher discourse. Non-verbal cues offer a rich source
of information about the interaction and dynamics within
the classroom. For instance, Turn Taking Count (TTC)
can indicate the distribution of speaking turns between the
teacher and students, thereby helping to measure the balance
of participation more accurately. Overlapping Rate (OVR)
can reveal instances of interruption or overlapping speech,
reflecting the level of engagement in group work.

E. OUTLIER HANDLING

Handling outliers is essential in data analysis to prevent
distortion of statistical results, erroneous conclusions, and
degraded performance of machine learning models.

Two prevalent methods for outlier handling are the clipping
method and the Local Outlier Factor (LOF) method. The
clipping method caps values exceeding a set threshold,
offering simplicity and computational efficiency suitable
for large datasets. However, it can be arbitrary, as the
threshold choice significantly impacts the results and may not
effectively address outliers in datasets with varying density
distributions.

In contrast, the LOF method assesses the local density
deviation of a data point relative to its neighbors, calculating
a score that indicates the isolation of a point compared to
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its surrounding neighborhood. This makes LOF particularly
effective for detecting outliers in datasets with complex
structures and varying densities, without relying on a
predefined threshold. Given the significant variations in
density and complex patterns in our data, the LOF method’s
ability to provide a robust measure of outlierness makes it
more suitable for our analysis. Therefore, we decided to
employ the Local Outlier Factor method for outlier detection
in our study.

F. HYPERPARAMETER TUNING

An optional step before model training is hyperparameter
tuning. In this case, a comprehensive search for the best
hyperparameters is conducted via grid search, focusing on
optimizing the F1 weighted score. The F1 score is chosen
as the optimization metric over alternatives like balanced
accuracy due to its effectiveness in handling imbalanced
datasets, optimizing both precision and recall. The various
hyperparameters optimized for each classification method are
detailed in Section V.

G. MODEL TRAINING
As we already mentioned, we perform a multi-class classi-
fication task involving three classes: Lecture, Group Work,
and Wooclap. Our approach employs supervised machine
learning algorithms to predict the appropriate label for a
given recording segment. As Section V details, we explored a
range of models, including Support Vector Machines (SVM),
k-Nearest Neighbor (kNN), Random Forest, Naive Bayes,
Logistic Regression, Gradient Boosting and Multi-Layer
Perceptron (MLP) to identify the most effective algorithm for
our task. We employ the scikit-learn library [35] for training
and evaluation.

Since a teacher can use multiple teaching methods within
a single class, our classification stage aims to identify the
start and end points of each method. To achieve this, the
classification process involves analyzing small segments
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FIGURE 2. t-SNE visualization of three distinct clusters representing
teaching practices.

of the recordings. We have examined overlapping window
sizes ranging from 60 seconds to 300 seconds. Preliminary
results indicate that the best trade-off between granularity and
accuracy is achieved using 180-second windows, which will
be used for all subsequent tests.

H. POST PROCESSING

The final stage in the pipeline is an optional step designed
to account for temporal trends in classrooms. For instance,
as a preliminary study of the data revealed, it is unlikely to
have a short interval of group work between several segments
labeled as lectures. Consequently, we designed a method
using a sliding window filter (based on majority voting) that
inputs the sequence of predicted labels for each individual
recording. We aim to evaluate whether this filter can increase
performance by eliminating noisy, often isolated predictions
that diverge from neighboring predictions. We also need to
assess if the overall generalizability is improved, considering
that it may occasionally modify some correct predictions.

V. RESULTS

A. PRELIMINARY ANALYSIS OF FEATURES

Our models are based on the set of 13 distinct non-verbal
features derived from the diarization process. Therefore, our
first objective is to assess their suitability for automating
the identification of teaching practices. To initiate this
investigation, we utilize unsupervised techniques to explore
the data. In particular, we employ dimensionality reduction
techniques such as t-SNE (t-distributed Stochastic Neighbor
Embedding) to reduce the data’s dimensionality and facilitate
visualization.

By applying t-SNE to the data (with three PCA compo-
nents and exaggeration = 1), we obtain the visualization
shown in Figure 2. As we observe, it confirms the potential
separability of clusters within the data. The distribution
of samples shows distinct groupings, suggesting promising
prospects for automatically classifying different teaching
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practices, although the *“Wooclap” label presents some
challenges. Our next objective will be the generation of a
model for a multiclass classification task that distinguishes
among the three teaching methods.

B. MODEL USING A GENERIC PIPELINE TRAINED ON
DATA FROM DIVERSE TEACHING CONTEXTS (RQ1)

For the development of this model we use a basic pipeline
that was already tested in a previous work with a different
dataset [34], composed of the following elements: embedding
generation, speaker diarization, feature calculation, outlier
handling, and model training. Utilizing supervised machine
learning algorithms, we predict the teaching method for given
recording segments. Since there are several alternatives, our
exploration covers several models, including Support Vector
Machines (SVM), k-Nearest Neighbors (kNN), Logistic
Regression, Gradient Boosting, and Multi-Layer Perceptrons
(MLP).

The models were assessed using 10-fold stratified
cross-validation using data from all the teaching contexts
we introduced in Section III-A. Despite the fact that F1
score was used to optimize the cross validation, we have
chosen to compare the models using F1, Precision, Recall,
and Balanced Accuracy.* This decision is grounded in
the recognition that the F1 score, being the harmonic
mean of Precision and Recall, might not fully encapsulate
the comparative performance across all models. Moreover,
incorporating Balanced Accuracy allows for a more com-
prehensive overview of each model’s classification efficacy.
Therefore, we will showcase the models’ results across all
mentioned metrics.

Based on the results presented in Table 3, Multi-Layer
Perceptron, Logistic Regression and Support Vector Classifi-
cation models perform similarly, achieving F1 scores of 0.92,
closely followed by the Gradient Boosting and k-Nearest
Neighbors models. Overall, the high F1 scores across all mod-
els underscore their effectiveness in accurately identifying
relevant instances while minimizing false positives and false
negatives, even using this basic pipeline.

As reference points for the upper and lower bounds of the
models’ performance in the next subsection, we will use the
results from this test and the knowledge from the collected
dataset. The upper bound is set to an F1 score of 0.923
(corresponding to the MLP model). The lower bound is based
on the majority class, which corresponds to a model that
always outputs the predominant class, in this case, ‘“‘Lecture,”
and provides an F1 score of 0.316.

Further analysis of the different models, detailed in
Figure 3, elucidates the performance of the models for the
various classes or teaching practices. The ‘Lecture’ class
is is the easiest to classify, whereas ‘Wooclap’ presents a
challenge since it has the lowest F1 score. This pattern is
consistent with conclusions drawn from the t-SNE analysis,

4Balanced Accuracy will be referred to as Accuracy in the tables for
simplicity.

134707



IEEE Access

F. P. Garcia et al.: Exploring Al Techniques for Generalizable Teaching Practice Identification

1.00 1.00 1.00
o
0.95 % T 0.95 @ 0.95 %
0.90
o 0090 00.90
o o o
308 1 (7085 (0.85
~0.80 I o
w “-0.80 “0.80
0.75
0.75
0.75
0.70 JE
—1 0.70 . 0.70
0.65 Group Work Lecture Wooclap Group Work Lecture Wooclap Group Work Lecture Wooclap
Class Class Class
(a) (b) (©)
1.00 1.0
,;I; | |
L 1
0.95
0.9 .
0.90
g <4
30.85 30.8
] %]
o 0.80 f
0.75 0.7 o
0.70 0.6
065 Group Work Lecture Wooclap Group Work Lecture Wooclap
Class Class

(d)

(e)

FIGURE 3. Detailed analysis of the different F1 scores for each method and teaching practice - (a) MLP, (b) Logistic regression, (c) SVM, (d) Gradient

boosting, (e) k-Nearest neighbors.

TABLE 3. Test results for the models, sorted by F1 score.

Model F1 Weighted Score | Balanced Accuracy | Precision | Recall
MLP Classifier 0.923 90.752% 0.932 0.923
Logistic Regression 0.923 90.667% 0.932 0.923
SvC 0.920 90.024% 0.925 0.921
Gradient Boosting Classifier 0.909 88.598% 0.918 0.909
k-Nearest Neighbors Classifier 0.897 86.502% 0.910 0.901
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FIGURE 4. Developed pipelines F1 score.

which shows ‘Wooclap’ overlapping significantly with the
other two classes. The proximity of ‘Wooclap’ to both other
classes is expected, given that “Wooclap’ scenarios can fluc-
tuate due to the tool’s versatility, ranging from competitive
environments—where students are more likely to actively
participate—to non-competitive settings, which are quieter
and involve fewer interactions. This variability highlights the
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challenges in accurately classifying teaching methods that
display a broad spectrum of student participation dynamics
and teacher behavior.

C. GENERALIZABILITY AND ROBUSTNESS OF THE
MODEL'S PERFORMANCE ACROSS DIVERSE TEACHING
CONTEXTS (RQ2)

In relation to generalizability and robustness, we defined
six different pipelines, as Table 4 details. Robustness
refers to the model’s ability to consistently perform well
across a wide range of teaching contexts, ensuring that
variations in teaching styles, classroom environments, and
audio conditions do not significantly impact the model’s
effectiveness. Our goal is to explore which pipelines provide
better results at the context level. Since we have four different
teaching contexts (four different teachers), we will test these
pipelines using a leave-two-contexts-out strategy. This means
we will use all combinations where two contexts are used for
training and the other two for testing purposes. This results in
six different combinations, which will also provide a measure
of performance variation as an indication of oscillation in
predictive ability.
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TABLE 4. List of pipelines (NR: Noise reduction; OH: Outlier handling;
HyPT: Hyperparameter tuning; PP: Post-processing).

Number Pipeline
1 OH-HyPT
2 OH-HyPT-PP
3 HyPT-PP
4 NR-OH-HyPT
5 NR-OH-HyPT-PP
6 NR-HyPT-PP

TABLE 5. Optimized hyperparameters for the different classification
methods (bold values provide the best results).

[ Pipeline [ Hyperparameters |
Activation: [logistic, tanh, relu]
HyPTT-PP Regularization: [0.5, 1]
Hidden layers: [(5, 3), (3, 3)]
(MLP) Learning rate: [constant, invscaling, adaptive]
Solver: [Ibfgs, sgd, adam]
OH-HyPTT-PP Penalty: [L1, L2]

Regularization: [0.001, 0.01, 0.1, 1, 10, 100]
Solver: [liblinear, saga]

(LR) Max # of iterations: [100, 200, 300]
Class Weight: [None, balanced]
Regularization: [1, 2, §, 10, 100]

Kernel coeff.: [scale, auto, 0.1, 1, 2, 5, 10, 100]

Kernel Type: [linear, rbf, poly, sigmoid]
Probability: [True, False]

Class weight: [None, balanced]
Activation: [logistic, tanh, relu]
Regularization: [0.5, 1]

Hidden layers: [(5, 3), (3, 3)]
Learning rate: [constant, invscaling, adaptive]
Solver: [Ibfgs, sgd, adam]
Activation: [logistic, tanh, relu]
Regularization: [0.5, 1]

Hidden layers: [(5, 3), (3, 3)]
Learning rate: [constant, invscaling, adaptive]
Solver: [Ibfgs, sgd, adam]
Regularization: [1, 2, 5, 10, 100]
Kernel coeff.: [scale, auto, 0.1, 1, 2, 5, 10, 100]
Kernel Type: [linear, rbf, poly, sigmoid]
Probability: [True, False]

Class weight: [None, balanced]

NR-OH-HyPTT-PP

(SVC)

OH-HyPTT

(MLP)

NR-OH-HyPTT

(MLP)

NR-HyPTT-PP

(SVCO)

For each pipeline, we did a thorough search for the best
hyperparameters using grid search and stratified 10-fold
cross-validation, focusing on optimizing the F1 weighted
score. We chose F1 because it handles imbalanced datasets
well, optimizing both precision and recall. The explored
hyperparameters for each pipeline are shown in Table 5,
with the selected values highlighted.

The results for each pipeline are presented in Figure 4.
The horizontal dotted line represents the baseline F1 score
from the pipeline developed in RQI1. Given the focus on
generalization, where training is conducted on data from
two teachers and predictions are made for the other two,
a reduction in performance is anticipated. This expectation
holds true for all pipelines, except for the OH-HyPTT-
PP pipeline, which slightly outperforms the baseline. This
improvement is likely due to hyperparameter tuning and post-
processing steps, with the latter being particularly effective,
as it corrects some of the wrong predictions. Nevertheless,
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FIGURE 5. F1 score for the logistic regression classifier for the different
classes using the pipeline OH-HyPTT-PP.

the F1 scores are similar across all pipelines and the baseline,
except for the NR-OH-HyPTT pipeline, which falls below
an F1 score of 0.9. In general, the difference in F1 score
compared to the baseline is acceptable considering the focus
on generalization.

Examining the performance of the best model for each
method, as shown in Figure 5, we observe patterns similar
to those noted for RQI. The primary difference from
the baseline methods is the reduced performance variation
across all three methodologies, particularly with “Wooclap’.
Although the performance is slightly lower than before, it is
more consistent across different contexts, which can lead to
better generalization.

Finally, we aimed to analyze which features contribute
most significantly to the model’s predictions. To achieve
this, we focused on the best-performing pipeline, specifically
OH-HyPTT-PP with the Logistic Regression model, whose
feature coefficients are presented in Figure 6. It should be
noted that the coefficients in Logistic Regression can be
negative; however, for visualization purposes, we present
all coefficients as absolute values. We observe that ‘Silence
Ratio (SR)’ is one of the most consistent and significant
classifiers. This can lead to suboptimal performance in
some cases, as the ‘Silence Ratio’ varies among teachers
based on their teaching styles. The feature with the most
variability is ‘Mumble Ratio (MR),” which is highly valuable
for classifying some teachers’ methodologies but not for
others. Nevertheless, it clearly provides meaningful infor-
mation for classifying teaching methods. The remaining
features vary depending on the combination of teachers,
with notable contributions from ‘ALD’, ‘PSU_Teacher’, and
‘PSUR_Teacher’.

When comparing these feature importances with those
extracted from the SVM model for the same pipeline, pre-
sented in Figure 7, we observe some consistency. As before,
we have presented all values as positive numbers. Similar to
Logistic Regression, ‘SR’ remains the primary feature for
classification, while ‘MR’ retains its variability. However,
SVM appears to extract more meaningful information from
‘PSU_Teacher’.
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When examining pipelines that utilize denoised audio,
we find no significant performance gains. This suggests that
the diarization models are effective across various acoustic
settings, including noisy environments with reverberations
and overlapping speech. Additionally, post-processing gener-
ally enhances performance, as indicated by higher F1 scores
with post-processing compared to those without. The filter
improves performance by removing noisy, isolated predic-
tions that differ from neighboring predictions. Although it
may occasionally exclude correct predictions, the overall
effectiveness is significantly improved. Correct predictions
are typically clustered with similar outcomes, protecting them
from being filtered out.

D. FEATURES CONTRIBUTING TO THE GENERALIZABILITY
OF THE MODEL (RQ3)

After analyzing the generalizability of the models for the
identification of teaching practices using the features, it is
essential to examine some of the features incorporated into
the prediction models to understand which ones explain the
model’s performance. This analysis helps extract information
that can enhance the model’s explainability, enabling a
more generalized identification of various teaching practices.
Figure 7 showed the features for the best-performing pipeline.
Therefore, we will focus our analysis on some of the most
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TABLE 6. Kruskal-Wallis test results for three features among four
teachers for the lecture sessions.

Variable x2 [ g p €

SR 384 | 2 <.001 | 0.713
PSU Teacher | 321 2 <.001 0.597
MR 374 | 2 <.001 | 0.694

important features. Firstly, we will examine the statistical
distribution of the features using windows of 180 seconds for
all the audios in the dataset. Figure 8 displays the boxplots
generated from the dataset, representing the data distribution
of the selected features for each teaching practice. These
boxplots provide a visual representation of how different
features vary across teaching practices, highlighting their
distinct characteristics.

To further validate the observed differences in the
statistical distributions of the features for the different
teaching practices, we also conducted a statistical test. The
distributions are confirmed to be non-normal. Therefore, the
non-parametric Kruskal-Wallis test was employed. Table 6
provides the details of this analysis, with the variables
denoted along with their respective Chi-square (x2) values,
degrees of freedom (gl), p-values (p), and effect sizes
(€2). Each variable shows significant differences across the
teaching practices, as indicated by the p-values being less
than 0.001.

The Silence Ratio (SR) and Mumble Ratio (MR) exhibit
large effect sizes (SR: 0.713, MR: 0.694). These results
indicate substantial variation across teaching practices, high-
lighting the significant differences in the amount of silence
and clarity of speech during different teaching methods.

Similarly, PSU Teacher (Speaking Utterances) shows a sig-
nificant effect size of 0.597. This feature reflects considerable
differences in the frequency and ratio of teacher speaking
events across the various teaching practices, demonstrating
varied levels of teacher engagement and interaction.

V1. DISCUSSION
This section presents the findings for each research question
and highlights the limitations of the study.

A. RQI1:WHAT IS THE PERFORMANCE OF A TEACHING
PRACTICE IDENTIFICATION MODEL USING A GENERIC
PIPELINE TRAINED ON DATA FROM DIVERSE TEACHING
CONTEXTS?

Considering the performance results obtained in our work,
the selection of features for this study appears to be
well-suited for addressing our research questions. Certain
features provide valuable input for the classification models
since the F1 score of the basic pipeline ranged from 0.897 to
0.923, depending on the machine learning method used.
However, it is important to note that none of the teaching
contexts was completely left out of the training process, as we
were primarily interested in calculating an upper bound for
performance. We discovered that the uneven distribution of
classes in our dataset makes the weighted F1 score more
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suitable than regular accuracy. Additionally, we found that
certain teaching practices, particularly “Wooclap’, are more
challenging and tend to accumulate most of the classification
eITors.

B. RQ2: WHICH PROCESSING PIPELINE BEST ENHANCES
THE GENERALIZABILITY AND ROBUSTNESS OF THE
MODEL'S PERFORMANCE ACROSS DIVERSE TEACHING
CONTEXTS FOR IDENTIFYING TEACHING PRACTICES?
Based on our experiments, the optimal pipeline is OH-
HyPTT-PP when using the Logistic Regression model. This
pipeline slightly outperforms the baseline, achieving a mean
F1 score of 0.928. Analyzing the F1 score for each category,
we observe that the same issues from the baseline persist,
with “Wooclap’ being the most challenging methodology to
classify. However, the variability across the three classes
is reduced, indicating more consistent performance across
contexts. This consistency suggests that the models exhibit
robust performance across diverse teaching contexts.

Regarding feature importance in the analyzed models,
there is consensus on the use of ‘Silence Ratio (SR)’ as one of
the main predictors and the significant variability of ‘Mumble
Ratio (MR)’. Additionally, features such as ‘PSU_Teacher’
and ‘PSUR_Teacher’ are identified as primary features in
both models analyzed. The consistent identification of these
features as important across different models highlights the
robustness of the feature extraction process.

We also found that post-processing enhances performance
compared to pipelines without it and does not adversely
affect generalization. Conversely, noise reduction is not a
necessary step, as the diarization models are already effective
in capturing the relevant information for subsequent audio
feature extraction.

C. RQ3:WHAT FEATURES CONTRIBUTE TO THE
GENERALIZABILITY OF THE MODEL AND EFFECTIVELY
DESCRIBE EACH TEACHING PRACTICE ACROSS DIVERSE
EDUCATIONAL CONTEXTS?

As we mentioned earlier, a detailed analysis of the features,
for example examining Figure 8, helps to extract information
that can enhance the model’s explainability.
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In examining the Silence Ratio (SR), Group Work exhibits
a very high ratio, with most values clustering close to 1. This
suggests that group work sessions involve prolonged periods
of silence, possibly indicating students working quietly or
independently. Conversely, lectures show a much lower
silence ratio, with values clustering around 0.2, implying
continuous speaking with minimal silence. Wooclap sessions
present a more variable silence ratio, ranging from 0.3 to
0.9, indicating a varied mix of speaking and silence intervals
during these interactive sessions.

The number of speaking utterances reveals that during
Group Work, the teacher’s speaking utterances are minimal,
typically below 10. This aligns with the nature of group
activities where the teacher speaks less, allowing students
more interaction time. Lectures, on the other hand, show
a significantly higher number of speaking utterances by
the teacher, ranging from 10 to 35, reflecting the teacher’s
dominant role in delivering content. In Wooclap sessions,
the number of speaking utterances is moderately high,
distributed around 20 to 30, suggesting a balance between
teacher instructions and student interactions facilitated by the
platform.

Finally, the Mumble Ratio (MR) feature indicates high
values for Group Work, close to 1, suggesting a lot
of indistinct or low-volume speech, likely from students
discussing in groups. Lectures exhibit a very low mumble
ratio, close to 0, indicating clear and distinct speech by
the teacher. Wooclap sessions show a moderate mumble
ratio, around 0.2-0.6, reflecting a mix of clear instruc-
tions and student responses, some of which might be
mumbled.

The significant differences in individual features across
teaching practices underscore the complexity of classroom
dynamics, but these features alone cannot fully explain the
nuances between different teaching methods. This limitation
was addressed in previous sections using machine learning
techniques to detect complex patterns and interactions within
the data that are not immediately apparent through isolated
feature analysis. However, this isolated analysis is really
useful for explaining the patterns that ML techniques find
in the data, and it is a first step to provide actionable
information.
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D. LIMITATIONS

Our work has four main limitations. The first limitation
pertains to the placement of the digital recorder in the
classrooms. Although care was taken to position the recorder
optimally, this setup does not guarantee that all students
are adequately recorded, especially when they are dispersed
throughout the classroom or if the teacher moves around
while speaking. Consequently, some audio segments may
not fully capture interactions and contributions from all
participants, potentially affecting the accuracy of the recorded
data.

The second limitation is related to the linguistic scope of
our dataset. The courses included in the study are exclusively
taught in Spanish, which restricts the generalizability of
our findings to other languages. Different languages can
exhibit varying speech patterns, intonations, and classroom
dynamics, which might influence the performance of the
diarization and classification models. Thus, further research
is necessary to validate the applicability of our models in
multilingual settings.

The third limitation involves the specific configuration
of some teaching contexts, particularly the use of Wooclap
as the audience response system. Wooclap has unique
characteristics that influence the audio patterns captured
during its use. Other audience response tools may generate
different types of interactions and audio signatures.

The fourth limitation is the diversity of teaching contexts.
Although our study involves a set of different contexts,
it would be beneficial to include a larger number of
teachers to increase the reliability of our findings. A larger
dataset with greater variability in teaching styles, classroom
environments, and subjects would allow for a more thorough
evaluation of the generalizability of our models.

VIl. CONCLUSION AND FUTURE WORK
This study has demonstrated the efficacy of employing
artificial intelligence methods, specifically deep learning
for speaker diarization and machine learning for classi-
fication, to analyze and classify teaching practices based
on audio recordings from classroom activities. Following
the EFAR-MMLA framework, our findings confirm that
the implemented Al techniques can effectively identify and
differentiate between lectures, group discussions, and uses
of audience response systems, capturing the subtle nuances
of teacher-student interactions. These capabilities provide
valuable insights into classroom dynamics, offering a tool for
educators to reflect on and improve their teaching strategies.
Crucially, the exploration into various audio processing
pipelines highlighted the robustness of our models across
diverse educational settings and configurations, affirming the
generalizability of our approach which is critical for real-
world deployment.

The use of Al-driven tools, as demonstrated in this study,
suggests a promising direction for enhancing educational
practices through technology. By offering a more nuanced
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understanding of classroom interactions, educators can
receive tailored feedback that might be too subtle to detect
through traditional observation methods alone. However,
despite promising results, our study acknowledges certain
limitations, including the dependency on high-quality audio
recordings and the model’s sensitivity to varying acoustic
environments, which could affect scalability and practical
application. Additionally, the cultural and linguistic diversity
of the classroom settings was not fully explored, which may
influence the generalizability of the findings.

Looking forward, we aim to extend our research to include
more diverse educational settings and further refine our
models to handle a wider range of acoustic conditions.
We also plan to integrate multimodal data sources, such
as video and textual feedback, to enhance the richness
of the analysis and improve the model’s accuracy and
applicability. Another promising direction is the exploration
of real-time feedback systems, where Al tools provide
immediate insights during classroom sessions, thus allowing
for dynamic adjustments in teaching strategies. By advancing
our understanding and application of Al in educational
settings, especially within an MMLA framework, we can
better support teachers in their critical role of shaping learner
experiences and outcomes.
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ABSTRACT This article introduces an automated system designed to classify teacher interventions in
classrooms where Student Response Systems (SRS) are actively used. SRS tools, increasingly common
in higher education, are valued for promoting more active learning and student engagement through
real-time questioning and feedback cycles. Our methodology processes raw audio recordings, employing
automatic speech recognition (ASR) and speaker diarization to generate transcripts and to derive several
quantitative features. These transcripts serve as input for a series of advanced BERT-based models,
which progressively leverage textual content, conversational context, and additional features to classify
interventions into predefined COPUS-based pedagogical categories. A key contribution of our work is the
empirical demonstration that hybrid models, fusing textual content with paralinguistic cues, can improve
the performance of highly-optimized text-only models. This fusion provides a complementary source of
information, and we couple our analysis with Explainable AI (xAI) techniques to clarify the distinct influence
of these new features. Crucially, Explainable Artificial Intelligence (xAl) techniques, particularly SHAP, are
applied to elucidate how these models fuse textual cues with paralinguistic elements (e.g., speaker ratios,
silence patterns), revealing their differential contributions to the classification process. Ultimately, this study
demonstrates a viable approach for creating accurate, interpretable Al systems that offer teachers feedback
on their instructional patterns.

INDEX TERMS Arttificial intelligence, audio features, explainable AI, NLP, student response systems.

I. INTRODUCTION

Student Response Systems (SRS), often referred to as
Audience Response Systems, or simply as clickers, are
powerful tools designed to make teaching and learning more
interactive and effective [1]. Recent meta-analytic evidence
confirms that these tools positively impact learning outcomes
across a range of disciplines, particularly when aligned
with well-structured pedagogical strategies and formative

The associate editor coordinating the review of this manuscript and

approving it for publication was Maria Chiara Caschera

assessment practices [2]. By promoting active learning
and real-time feedback, SRS tools contribute not only to
knowledge retention but also to higher-order thinking and
collaborative reasoning. Its effectiveness heavily relies on the
teacher’s skill and how they choose to implement it within
their pedagogy [3]. Therefore, learning how to use SRS
effectively requires teachers to develop a range of new skills
and adapt their practices.

Overcoming internal factors, particularly teachers’ beliefs
and attitudes, appears to be more critical for fostering
meaningful pedagogical change than simply acquiring

© 2025 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License.
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technical or procedural skills. This aligns with the principles
of some pedagogies, like Technology-Enhanced Formative
Assessment (TEFA) [4], which emphasize the importance
of developing pedagogical strategies around formative ques-
tioning, discussion facilitation, and reflection. Sustained
professional development (PD), along with structured sup-
port and opportunities for reflection and iterative practice,
is essential. In this context, automated tools like the one
presented in this study can provide valuable support. This
work centers on a particular case: analyzing the nature and
function of teacher interventions during classroom activities
involving the use of Student Response Systems (SRS) by
university instructors.

Extracting granular insights from complex classroom
discourse presents significant technical challenges, as tra-
ditional text-based analysis often falls short in capturing
the full richness of human interaction. To address this, our
methodology leverages a fine-tuned BERT (Bidirectional
Encoder Representations from Transformers) [5] architecture
to classify teacher interventions based on transcribed verbal
content. A central objective of this work is to systematically
investigate whether this fusion of verbal and paralinguistic
features provides a quantifiable performance benefit over
optimized text-only classifiers. We explore multiple fusion
architectures, including early-fusion neural networks and
late-fusion machine learning approaches, to test this hypoth-
esis. A second key contribution lies in the application of
Explainable Artificial Intelligence (xAlI) to the most effective
models identified, allowing us to clarify how both textual and
paralinguistic features influence classification decisions.

The overall methodology followed in this study is depicted
in Figure 1. The pipeline commences with audio recordings,
which are processed through two parallel streams. The
primary stream focuses on textual analysis, beginning with
transcription via Whisper and subsequent manual correction.
Concurrently, the second stream applies a diarization process
to the audio to determine ‘“who spoke when”. The output
of this diarization informs two subsequent steps: it is used
to segment the corrected transcription by speaker, and it
serves as the basis for extracting paralinguistic features. The
speaker-segmented text is then filtered to isolate specific
teacher interventions, which are labeled according to the
COPUS framework [6]. Finally, these COPUS labels and the
extracted paralinguistic features are integrated through data
fusion. This unified dataset is then used to train multiple
BERT-based classification models, ultimately generating
the final results which incorporate explainable AI (xAlI)
components.

To evaluate the effectiveness and implications of our
proposed approach, this study is structured around the
following research questions:

e RQI: To what extent can a BERT-based model accu-
rately classify teacher interventions during SRS-supported
classroom activities using only text from transcriptions?

« RQ2: How does the addition of paralinguistic
features affect the performance of a BERT-based
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model for classifying teacher interventions from
transcriptions?

« RQ3: To what extent can explainability techniques like
xAl clarify the decision process of the developed models

based on textual tokens and paralinguistic features?
The rest of the paper is organized as follows: Section II sit-

uates our work within the existing literature, reviewing prior
research on Student Response Systems, speech-based Al in
educational contexts, and Explainable Artificial Intelligence.
Section III outlines the methodological foundations of our
study, detailing the educational setting, the data collection
process, and the construction of a labeled dataset that
integrates both textual and paralinguistic features. Section IV
introduces the classification models and explains the rationale
behind their architectural design and evaluation strategy.
In Section V, we present the results of our experiments,
examining how different input configurations affect model
performance and interpretability, and addressing the three
research questions that guide this work. Section VI reflects
on the broader implications of our findings for research and
educational practice, while also acknowledging the study’s
limitations and identifying opportunities for future work.
Finally, Section VII concludes with a summary of our main
contributions.

Il. RELATED WORK

A. STUDENT RESPONSE SYSTEMS

Student Response Systems (SRS) have been widely recog-
nized for their pedagogical value, particularly in promoting
student engagement, fostering active participation, and sup-
porting formative assessment. Recent systematic literature
reviews have confirmed the growing relevance of Student
Response Systems in higher education. One meta-study [7]
identified 77 papers across disciplines highlighting benefits
such as enhanced engagement, motivation, and feedback,
while also noting recurring technical and pedagogical chal-
lenges, especially when SRSs are not integrated within robust
instructional designs.

Teachers engaging in the integration of SRSs into their
instructional practice frequently encounter a range of chal-
lenges, including technical limitations, time constraints,
difficulties in designing pedagogically effective questions,
and tensions in aligning SRS use with existing curricular
structures [8]. Addressing these obstacles requires more
than general guidance. It calls for timely, specific, and
context-aware feedback that supports teachers in refining
their implementation strategies and advancing toward peda-
gogical proficiency.

Effective SRS-based pedagogies, particularly Technology-
Enhanced Formative Assessment (TEFA) [4], are centered
around a question cycle that involves posing questions,
students responding (often via SRS), and crucially, whole-
class discussion based on the distribution of responses. This
discussion phase is vital for exploring diverse thinking,
confronting ideas, clarifying misconceptions, and developing
deeper understanding [9]. Teachers need to develop the
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FIGURE 1. High-level overview of the experimental pipeline, from data collection and processing to model evaluation and xAl.

skill of orchestrating and facilitating productive classroom
discourse. However, teachers often struggle with allocating
sufficient class time for this essential discussion, sometimes
feeling pressure to cover content quickly [10]. Feedback
on the actual time spent engaging students in post-response
discussion provides teachers with objective data to reflect
on whether they are dedicating enough focus to this critical
pedagogical phase and help them manage pace effectively.

Furthermore, managing student behavior and ensuring that
all students are engaged in meaningful participation during
interactive activities can be challenging, particularly in larger
classes. Time can be lost during transitions between activities
or due to student distractions [11]. While SRS can help
increase participation and change the classroom atmosphere,
teachers still need to be skilled at orchestrating the discourse
and managing interactions. Feedback that highlights the
proportion of time spent on classroom management issues
(as opposed to instructional discussion or activity) can reveal
specific areas where a teacher might need to refine their
strategies for student engagement or behavioral norms during
SRS use.

Additionally, some platforms like Kahoot! or Wooclap,
utilizes gamification elements (points, leaderboards, visual
triggers) to boost student engagement, motivation, and
participation [12]. Gamified systems are designed to actively
create a more energetic and engaging atmosphere. Teachers
interested in leveraging the motivational power of gamifi-
cation need to understand how to integrate these elements
effectively. Objective feedback on the use of gamification
elements during SRS activities [13] can help teachers
reflect on their adoption patterns and assess whether these
strategies are effectively supporting student motivation and
engagement.

B. AI-DRIVEN SPEECH ANALYSIS
The analysis of classroom discourse fundamentally relies on
converting spoken language into accurate, speaker-attributed

208080

text. Automatic Speech Recognition (ASR) in authentic
educational settings presents significant challenges due to
high ambient background noise, overlapping speech, and the
acoustic variability of speakers, particularly children [14],
[15]. OpenAI’s Whisper model marks a significant advance-
ment in ASR, offering robust performance even in noisy
environments by learning to condition its transcription on
background noise, trained on an extensive and diverse
dataset [16], [17], [18].

Beyond mere transcription, knowing ‘who spoke when’ is
critical for meaningful discourse analysis. Speaker diariza-
tion, which attributes audio segments to specific speakers,
faces similar challenges in classroom environments, where
standard models exhibit substantially higher error rates
compared to clean audio [19]. A pivotal innovation in recent
years has been the tight integration of ASR and diarization,
mitigating the cascading nature of errors prevalent in
sequential pipelines [14], [20].

Once a reliable, speaker-attributed transcript is obtained,
the subsequent challenge is to automatically derive peda-
gogical meaning from the text. Modern Natural Language
Processing (NLP) models, particularly those based on the
Transformer architecture like Bidirectional Encoder Rep-
resentations from Transformers (BERT) [5], have proven
indispensable for this task, setting new benchmarks in
language understanding [21].

Prior work has demonstrated the efficacy of BERT-based
models in classifying teacher and student utterances within
educational contexts, often employing a contextual classi-
fication approach where the input to the model includes
conversational turns or sequences to better capture relational
dynamics. For instance, [22] utilized BERT-based models
to identify focusing questions and uptake of student ideas,
showing that automated feedback on talk time increased
student talk ratios in tutoring sessions. Similarly, [23] applied
fine-tuned BERT models to analyze teacher attention to stu-
dent ideas in simulated classroom discussions, demonstrating
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their ability to accurately score teacher performance and
provide justification for those scores. Furthermore, recent
work by Wang and Chen [24] has directly investigated the
relationship between AI model accuracy and educational
outcomes in the context of classroom dialogue analysis for
teacher professional development, providing crucial insights
into the practical utility of such systems.

However, while these approaches effectively classify
various interventions based on textual content, differentiating
certain intervention types based solely on linguistic cues
can remain complex. Our methodology addresses this
limitation by incorporating additional contextual information
derived from audio features [25], [26]. This integration of
paralinguistic features with transcriptions provides a richer
context, which can significantly enhance the precision of
classifying teacher interventions, particularly where textual
content alone might be ambiguous, as we show in this work.

C. EXPLAINABLE ARTIFICIAL INTELLIGENCE (xAl)

The application of xAl in educational settings is a growing
area of research, with various studies exploring its utility
in understanding complex learning processes and Al system
behaviors. For instance, the XAI-ED framework [27] high-
lights key aspects for the design of educational Al tools,
directly addressing concerns such as fairness, accountability,
transparency, and ethics (FATE) within Al interventions.
Beyond general frameworks, xAl techniques have been
applied to interpret specific AI models in educational
contexts. Authors in [28], for example, leveraged xAl
to understand the quality of online tutoring sessions by
analyzing feature importance in audio classification models.
Furthermore, xAlI has been employed to enhance intelligent
tutoring systems, such as the EXAIT system by Ogata et al.
[29], which combines Al-generated explanations with learner
self-explanation to foster mutual understanding. In the
context of large language models, authors in [24] investigated
the use of BERT and Llama for analyzing classroom dialogue
and their impact on teacher learning, implicitly touching upon
the interpretability of such models’ outputs.

Several techniques have been developed to help interpret
how machine learning models make decisions [30]. For deep
learning models used in Natural Language Processing (NLP),
two widely used methods are SHAP (SHapley Additive
exPlanations) and LIME (Local Interpretable Model-agnostic
Explanations). SHAP [31], [32] assigns an importance value
to each input feature, helping to explain both individual
predictions and overall model behavior. LIME [33], on the
other hand, builds simple local models around each prediction
to highlight the most influential words.

Unlike most prior work, which applies explainability
techniques to purely textual inputs, our challenge lies in using
these methods, particularly SHAP, to interpret models that
combine textual and paralinguistic features. This requires
analyzing the joint contribution of heterogeneous inputs
within a single fused architecture.

VOLUME 13, 2025

lll. METHOD

A. CONTEXT

This study was developed within the framework of a
specific educational innovation project. We initially collected
113 class recordings encompassing a variety of pedagogical
methodologies, including traditional lectures, collaborative
group work, and activities supported by Student Response
Systems (SRS). For the purposes of this research, our focus
was exclusively on classes that incorporated the use of
an Student Response System, particularly Wooclap.! From
this subset, we specifically selected recordings in which
Wooclap was used as a distinct and self-contained activity
focused on reviewing concepts from a previously covered
content block, resulting in 10 final audios. This criterion was
essential, as many other recordings featured more sporadic
SRS use intermingled with other teaching formats. This
deliberate selection allowed us to construct a homogeneous
and representative dataset centered on a prevalent use case of
the tool.

We conducted our study using audio recordings rep-
resenting different teaching contexts, obtained from three
courses: Computer Networks, Computing Foundations, and
Microbiology I. The first two courses are part of a bachelor’s
degree program in Computer Science, while the third is from
a Veterinary degree. Both degree programs are taught in
Spanish. To ensure a comprehensive dataset, we engaged
two female and two male teachers to record their respective
classes. The teachers in our sample averaged 20.5 years
of experience. The cumulative duration of these audio files
is 3 hours and 19 minutes, with each file ranging from
10 minutes to 30 minutes in duration. All the data were
collected with the approval of the teachers, students, and the
Institutional Review Board.”

Furthermore, each audio session was augmented with
supplementary contextual metadata, encompassing details
such as the specific course, audio file duration, student cohort
size, recording instrumentation, and instructor identification.

For this analysis, we adapted categories from the estab-
lished COPUS system [6], a standardized protocol for
labeling teaching activities and interventions. The adoption of
a recognized, standard classification mechanism was crucial
to enhance the interpretability and comparability of our
findings. These adapted labels, assigned to individual teacher
interventions, are detailed in Table 1.

B. CODING AND DATASET

Upon receiving the recordings, transcriptions were extracted
using Whisper [16], a model recognized for its robust
transcription capabilities and accurate textual conversion.
Subsequently, the textual data was segmented, leveraging
outputs from PyAnnote [34], a specialized tool for speaker
diarization that identifies and differentiates individual speak-
ers within an audio stream, and spaCy [35], which was

1 https://wooclap.com
2Code 2024/341.
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TABLE 1. Description of teacher intervention labels.

Label Description Example (Translated)
MG Moving through class guiding ongoing student work during active  “Alright, silence!"
learning task.
FUp Follow-up/feedback on clicker question or activity to entire class. “Look, 192 cannot be assigned by a DHCP because it’s not a valid

CQ Asking a clicker question.

AnQ Listening to and answering student questions with entire class listening.

Ga Referencing student performance metrics (e.g., scores) or the challenge

level of a question. (A non-COPUS code).

address."

“What is the address assigned to PPPO on router 17"

“You told it to release, it releases, but you have to face the conse-
quences."

“Come on, let’s continue! This one is easy!"

utilized for linguistic analysis and further segmentation. This
integrated approach, combining Whisper’s corrected tran-
scription with PyAnnote’s precise speaker attribution, was
instrumental in enriching the dataset by allowing for not only
the content transcription but also the accurate assignment
of speech to specific individuals through their respective
timestamps. Following this comprehensive segmentation of
interventions, these were then labeled according to the coding
scheme detailed in Section III-A.

Two independent coders annotated the dataset with
reference to the audio recordings. To measure annotation
agreement among coders, we used the Cohen’s Kappa,
achieving an initial value of 0.6995. The initial discrepancies
were mainly due to differing interpretations of the subtle
distinctions between labels. Several contentious interventions
were used as reference cases to foster discussion, allowing
annotators to clarify their reasoning and progressively con-
verge toward a shared understanding of the labeling criteria.
This discussion led to the generation of more straight labeling
guidelines, which significantly improved concordance to a
Cohen’s Kappa of 0.9706.

Interventions deemed contextually insufficient, such as
monosyllabic utterances (e.g., ‘yes’, ‘no’), were entirely
excluded from the dataset. These brief instances were
considered to lack the necessary contextual information for
meaningful classification within the predefined categories.
The remaining 3% of interventions lacking consensus
encompassed a variety of ambiguous cases, mostly instances
that could be dually classified. Furthermore, certain lengthy
interventions presented challenges due to their multifaceted
nature, allowing for plausible categorization into different
schemes depending on the emphasis placed on various parts
of the utterance.

Table 2 provides a detailed overview of the dataset’s
distribution, presenting the raw counts of each intervention
label per teacher. For clarity and anonymization, the four par-
ticipating teachers are designated as T1, T2, T3, and T4. This
table provides a crucial representation of our dataset, from
which the frequency of different teacher interventions within
each instructor’s unique teaching context can be understood.
A clear imbalance is observable across categories, as certain
intervention types are inherently more common in classroom
discourse. For instance, ‘FUp’ (Follow-up) interventions
are far more frequent than ‘AnQ’ (Answering Questions),
a pattern that reflects authentic teaching dynamics. This class
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TABLE 2. Count of interventions by label teacher (number of cases).

Teacher

Label T1 T2 T3 T4 Total
AN 63 8 2 1 74

CQ 37 55 61 161 314
FU 142 221 179 44 586
GA 81 33 68 52 234
MG 94 137 44 191 466
Total 417 454 354 449 | 1674

imbalance is therefore not a limitation of our dataset but rather
a representative feature of the pedagogical context under
study. Consequently, the dataset’s sufficiency is not based on
its size, but on its ability to serve as a challenging and realistic
testbed for our central hypothesis.

C. EXTRACTED PARALINGUISTIC FEATURES

Following the transcription and diarization stages, the data
from each class session is consolidated into a structured
format. For each identified teacher intervention, a record
is created that unifies the text transcript, its conversational
context, and a set of 18 key paralinguistic features. After
processing and filtering, this consolidation resulted in a final
dataset comprising 1674 distinct teacher interventions, each
forming a single record, exemplified in Table 3. The final data
structure for each intervention is as follows:

o Textual Data: The transcribed text of the current inter-
vention (t ext) and the text of the teacher’s immediately
preceding intervention (previous_text).

« Paralinguistic Features: A vector of numerical features
calculated over the duration of the intervention, detailed
in Figure 2. Details about features meaning are detailed
in Table 4.

o Metadata and Labels: Timestamps, speaker identifi-
cation, and the pedagogical label assigned by human
annotators (Label) as defined in Section III-A.

The selection of these eighteen features was guided by
their potential to serve as quantitative proxies for key
pedagogical dynamics in a classroom environment. The
features related to participant’s ratios were chosen to directly
measure conversational dominance and turn-taking, which
are fundamental to distinguishing teacher-led exposition from
student-centered interaction. Metrics related to silence were
included to capture the rhythm and pacing of the discourse;
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TABLE 3. An anonymized example of a single consolidated data record. For visualization purposes, some features are omitted.

previous_text text PSR_prof PSR_Oth SR OVR MR WPS SBI label
(in  Spanish) Vale, (in Spanish) ;Cudl es la direc-  0.85 0.05 0.10 0.02 0.0 3.1 1.5 CQ
pues vamos a ver esta.  cidn que se le asigna a PPPO en

el router uno?
(Translated) Okay, (Translated) What is the ad- 0.85 0.05 0.10 0.02 0.0 3.1 1.5 CQ

let’s see this one. dress assigned to PPPO on

router one?

TABLE 4. Description of the calculated paralinguistic features.

Type Acronym Feature Description and Calculation

Per Role PSR Participant Speaking Ratio Proportion of speech time for a specific role (e.g., teacher) over the total duration
of the segment.

Per Role PSU Participant Speaking Utterances Absolute number of interventions (utterances) made by a role during the seg-
ment.

Per Role PSUR Participant Speaking Utterances Ratio Proportion of the number of interventions from one role over the total number
of interventions in the segment.

Per Role APSUD Average Participant Speaking Utterance ~ Average duration of a role’s interventions. Measures if a role tends to make long

Duration or short interventions.

Global ALD Average Lapse Duration Average duration of silences that occur between interventions of different roles,
i.e., a transitional silence.

Global SR Silence Ratio Proportion of total silence time (no participant speaking) over the total duration
of the segment.

Global PEQ Participation Equality Indicator that measures the balance in participation among roles. A value close
to 1 indicates a perfectly equitable distribution of speech.

Global TTC Turn Taking Count Total number of turn changes between roles (e.g., from teacher to student or vice
versa) during the segment.

Global VSUR Very Short Utterances Ratio Proportion of very short interventions (defined as those less than 2 seconds) over
the total number of interventions. May indicate quick responses or interjections.

Global OVR Overlapping Rate Proportion of time during which two or more participants speak simultaneously
(overlapping) over the total duration of the segment.

Global OVUR Overlapping Utterances Rate Proportion of the number of interventions that contain some overlap over the
total number of interventions.

Global MR Mumble Ratio Proportion of voice activity that the diarization system could not confidently
attribute to a specific speaker. May indicate mumbles, background noise, or
unintelligible speech.

Global WPS Words Per Second Words Per Second for the current speaker.

Global SBI Silence Between Interventions The duration of silence preceding the current intervention.

for example, a long silence preceding an intervention (SBI)
might differentiate a thoughtful response from a rapid-fire
question. The Overlap Ratio (OVR) and Mumble Ratio (MR)
provide insights into the level of classroom interactivity,
helping to distinguish a single speaker’s clear utterance from
the conversational buzz of group work or a lively, multi-
speaker discussion. Finally, Words Per Second (WPS) was
included as an indicator of speaking pace, which can correlate
with the pedagogical function of an utterance, such as giving
quick instructions versus providing a slower, more deliberate
explanation.

To clarify how these paralinguistic features were com-
puted, Figure 2 provides a schematic of the temporal windows
used for their extraction.

Two specific features are derived from their unique
segments: Words Per Second (WPS) is computed exclusively
from the ‘current intervention’ period [t3, t4], and features
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10 (t4-60")  t1 2 3 t4

| previous intervention | | current intervention |

SBI

WPS
( PSR Teacher, PSR Others, SR, OVR, MR... ]

FIGURE 2. Schematic illustrating the temporal segmentation for
paralinguistic feature extraction. The diagram delineates the “previous
intervention” [t1, t2], the “silent break interval” (SBI) [t2, t3], and the
“current intervention” [t3, t4].

related to the ‘silent break interval’ (SBI) are derived from its
window [t2, t3]. All the other features are calculated for the
time windows [t0, t4].

This integrated dataset, structured to unify textual
transcripts, conversational context, and a rich array of
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paralinguistic features, thus serves as the foundational input
for a series of BERT-based models.

IV. MODELS AND PROCESSING

This study is founded on the hypothesis that the pedagogical
role of a teacher’s speech cannot be fully understood from
an isolated utterance. To test this, we move beyond simple
text-based analysis and explore the predictive power of
two additional information sources: conversational context
and paralinguistic features. We developed a series of
DeBERTa-based classification models designed to systemat-
ically probe this assumption. The following sections detail
these models, which progress from a text-only baseline
to more sophisticated architectures that leverage preceding
interventions and paralinguistic cues.

A. EXPERIMENTAL SETUP

All experiments were conducted on a workstation equipped
with an Intel Core i7-10700F CPU, 32GB of RAM, and two
NVIDIA GPUs (an RTX 3080 with 10GB VRAM and an
RTX 2070 with 8GB VRAM). A fixed random seed (42) was
used throughout all stages of data splitting, model training,
and evaluation to ensure the full reproducibility of our results.

B. DATASET SPLIT

For hyperparameter optimization, the models were trained
using 5-fold stratified cross-validation. The optimal hyperpa-
rameter combination for each model family was determined
by selecting the configuration that yielded the highest average
macro-averaged F1 score across these cross-validation folds.
To provide a more robust and generalizable estimate of our
final models’ performance, we subsequently performed a
10-fold stratified cross-validation on the entire dataset, using
the best-found hyperparameters for each model.

It is important to note that no artificial balancing (e.g.,
oversampling or undersampling) or data augmentation tech-
niques were applied to the training set. The observed class
imbalance is an authentic feature of the pedagogical context,
where certain interventions are naturally more frequent than
others. We made a deliberate decision to train the models on
this natural distribution to ensure their performance reflects
the challenges of a real-world classroom environment.

C. CLASSIFICATION MODELS

We developed and evaluated three families of models,
denoted as Textual, Early-Fusion and Late-Fusion, all built
upon a pre-trained DeBERTa architecture. The choice of
‘mdeberta-v3-base’ was motivated by several key factors:
its state-of-the-art performance on various NLP benchmarks,
often outperforming previous BERT iterations like ROBERTa
due to architectural enhancements such as disentangled
attention; its crucial multilingual capability, essential for
processing Spanish classroom discourse; and its robust
adaptation to real-world, automatically transcribed data. This
“base” version also strikes an optimal balance between high
performance and computational efficiency. These models are
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designed to incrementally leverage more context to classify
a teacher’s utterance according to our predefined labels.
A visualization of all the developed models is shown in
Figure 3.

1) TEXTUAL MODELS: CURRENT AND CONTEXTUAL
INTERVENTIONS

Textual models serve as our baseline. The first one is
designed to classify an intervention based solely on its own
textual content. The input to this model is the tokenized
text from the ‘text’ field. The objective is to establish a
performance benchmark using only the semantic information
contained within a single intervention, without any broader
context. After this model, we extended the textual context
by incorporating immediate conversational history. The input
to this model is the concatenation of the previous teacher
intervention (‘previous_text’) and the current intervention
(‘text’), separated by a special ‘[SEP]’ token. This approach
tests the hypothesis that the model can make more accurate
predictions by understanding the sequential relationship
between consecutive teacher interventions.

2) EARLY-FUSION: DEEP LEARNING WITH DIARIZATION
FEATURES

Early-fusion represents our most advanced approach, creat-
ing a multimodal architecture that fuses textual information
with quantitative paralinguistic features. The goal is to
determine if these acoustic-derived cues about the classroom
environment can further enhance classification accuracy.
All these variants use the same contextual text input as in
the previous model but also incorporate the 18-dimensional
vector of paralinguistic features.

The textual input is processed by a DeBERTa encoder,
which, in its standard configuration, outputs embeddings with
a dimension of 768 features. Given that there is no single
standard method for fusing textual and numerical data, and
to balance the influence of the high-dimensional text embed-
dings (768 features) with the relatively low-dimensional
paralinguistic features (18 features), we experimented with
three distinct architectural variants. These variants aimed to
identify the most effective fusion strategy by adjusting the
dimensionality of either the text embeddings or the paralin-
guistic features. Dimensionality adjustments (both reductions
and expansions) were performed using a small Multi-Layer
Perceptron (MLP) [36], as shown in Figure 3. The paralingus-
tic features and the BERT embedding go through to different
projection layers before being concatenated, resulting in
double the sizes shown in the projection boxes. Meanwhile,
the ‘Naive Concatenation’ just concatenates both vectors with
their current dimensions, resulting in a (1, 786) vector for
classification. An MLP is a suitable choice for this task due to
its ability to learn non-linear transformations between input
and output layers, allowing it to effectively project features
into different dimensional spaces while capturing complex
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FIGURE 3. Diagram summarizing the tested model’s architectures.

relationships, which is crucial for integrating diverse data
modalities [37].

The hyperparameters used to train all the DeBERTa-
based models, which includes these early-fusion and textual
models are detailed in Table 5. A critical methodological
decision for all DeBERTa-based models was the freezing
of the first 11 encoder layers. This aggressive transfer
learning strategy was found to be essential for mitigating
the rapid overfitting observed during initial experiments.
This approach preserves the model’s powerful, generalized
linguistic knowledge (contained in the frozen layers) while
allowing only the final, task-specific layer to adapt to
our specialized dataset. To further control for overfitting,
this layer-freezing strategy was complemented by explicit
regularization techniques, namely Dropout and L2 Weight
Decay.

All models were trained using the AdamW optimizer and
a cross-entropy loss function, which are standard choices
for multi-class classification tasks with transformer-based
models. The results of these experiments are presented in the
following section.

3) LATE-FUSION HYBRID MODELS

As a final investigative branch, we explore an alternative
late-fusion architecture. This approach tests whether paralin-
guistic cues are more effective at refining a classification
after the text model has fully processed the semantic content,
a contrast to the early-fusion models.
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TABLE 5. Hyperparameter and training configuration for DeBERTa models
(textual and early-fusion).

Parameter Value / Search Space

Model & Tokenizer

Base Model Name microsoft/mdeberta-v3-base

Max Token Length 256

Frozen Encoder Layers 11

Grid Search Space

Learning Rate {1e-5, 5e-6}

Dropout Rate (in MLP)  {0.2,0.4}

Weight Decay {0.01, 0.1}

Training Configuration

Optimizer AdamW

Loss Function CrossEntropyLoss (with class weights)
Max Epochs 100

Early Stopping Patience of 10 (on validation F1-score)
Random Seed 42

The methodology for this approach consists of two stages.
First, the best-performing Contextual model is used to
process the textual input (text + previous text) and generate
the 5-dimensional logit vector for each intervention. Second,
this logit vector is concatenated with the 18-dimensional
paralinguistic feature vector, resulting in a 23-dimensional
feature set, as shown in Figure 3. This combined vector is then
used to train and evaluate several classical machine learning
classifiers known for their robustness on structured tabular
data. The models selected for this task are:

e Support Vector Machine (SVM): A kernel-based
model effective for classification.
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TABLE 6. Hyperparameter grid search space for late-fusion models. Best
hyperparameters are in bold.

Model Hyperparameter  Search Space

Random Forest  n_estimators {100, 200, 300}
max_depth {10, 20, None}
min_samples_leaf {1, 2,4}

XGBoost n_estimators {100, 200, 300}
learning_rate {0.05,0.1, 0.2}
max_depth {3,5,7}

SVM C {0.1, 1, 10}
gamma {’scale’, ’auto’, 0.1, 1}
kernel {’rbf’, "poly’}

« Random Forest (RF): An ensemble method based on
decision trees that is robust to overfitting.

o XGBoost: A highly efficient and powerful implementa-
tion of gradient-boosted decision trees.

This two-stage process leverages the DeBERTa model as a
powerful semantic feature extractor, tasking the subsequent,
simpler ML models with finding the optimal decision
boundary based on the combined semantic and paralinguistic
signals.

The distinct hyperparameter search space for the
late-fusion machine learning models is detailed subsequently
in Table 6.

V. RESULTS

Our investigation into the classification of teacher inter-
ventions was guided by three primary research questions.
This section presents the empirical findings, beginning with
the evaluation of models based exclusively on textual fea-
tures, and subsequently incorporating contextual information
derived from the discourse features.

A. RQ1: TO WHAT EXTENT CAN A BERT-BASED MODEL
ACCURATELY CLASSIFY TEACHER INTERVENTIONS
DURING SRS-SUPPORTED CLASSROOM ACTIVITIES USING
ONLY TEXT FROM TRANSCRIPTIONS?

To establish a foundational understanding of classification
performance, we first evaluated the two text-only models
detailed in Section IV-C1. The performance metrics for all
models are presented in Table 7.

Our initial baseline, the Text Model (Current) model,
classifies interventions using only the text of the current
utterance. This model achieved a Macro-F1 score of 0.520 &+
0.222. While demonstrating some classification capability,
the extremely high standard deviation indicates significant
instability and high variance across the cross-validation folds.

We then evaluated the Text Model (Contextual), which
incorporates the immediate conversational history by con-
catenating the previous intervention’s text. This model
yielded a notable improvement as shown in Table 7, achieving
a Macro-F1 score of 0.709 £ 0.035. This result represents a
substantial increase in mean performance over the baseline,
affirming our hypothesis (detailed in Section IV-C1) that
sequential context is critical for this task.
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FIGURE 4. Confusion Matrix for Text Model (Contextual).

Furthermore, the standard deviation dropped from 0.222 to
0.035, signifying a dramatic increase in model stability and
robustness. This context-aware model is more generalizable
and serves as the strong, stable baseline for evaluating the
advanced fusion models in RQ2.

To illustrate the model’s typical error patterns, Figure 4,
presents a representative confusion matrix from a single vali-
dation fold. While this view is not aggregated, it highlights the
consistent challenges the mode faced during cross-validation.
The matrix shots that while most categories are classified
with high fidelity (all F1-scores > 0.73), the model struggles
significantly with the label “AN (Answering Question)”
class. The primary source of erros is the model frequenly
misclassifying ‘An’ interventions as ‘FUp’. This specific
ambiguity appears to be the model’s key limitation.

We therefore proceed to evaluate the utility of incorpo-
rating richer, non-textual contextual cues to enhance overall
performance.

B. RQ2: HOW DOES THE ADDITION OF PARALINGUISTIC
FEATURES AFFECT THE PERFORMANCE OF A BERT-BASED
MODEL FOR CLASSIFYING TEACHER INTERVENTIONS
FROM TRANSCRIPTIONS?
Having established a strong text-only baseline with the
“Text Model (Contextual)”’, our second research question
investigates whether the integration of paralinguistic features
can provide a statistically significant performance benefit.
To answer this, we systematically evaluated the two distinct
fusion architectures detailed in Section IV: Early-Fusion
and Late-Fusion. All comparative results are presented in
Table 7, with the Macro-F1 score distributions visualized in
the boxplot in Figure 5.

First, we evaluated the Early-Fusion variants. These
models, which fuse features at the input level of the DeBERTa
architecture, failed to yield a performance improvement. All
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TABLE 7. Comprehensive 10-fold cross-validation performance metrics (Mean =+ Std. Dev.)

Model Macro-F1 Precision (Macro) Recall (Macro) AUC (Macro)
Text Model (Current) 0.520 £ 0.222  0.549 4+ 0.257 0.538 £ 0.180 0.825 £+ 0.129
Text Model (Contextual)  0.709 4+ 0.035  0.721 £ 0.039 0.708 £ 0.036 0.885 £ 0.022
Early-Fusion (Naive) 0.676 +£0.039  0.686 4 0.043 0.686 + 0.033 0.868 £+ 0.021
Early-Fusion (256) 0.700 £ 0.030  0.709 £ 0.041 0.702 £ 0.025 0.868 £ 0.026
Early-Fusion (128) 0.693 +£0.034 0.701 £ 0.041 0.699 + 0.030 0.877 £ 0.026
Late-Fusion (RF) 0.737 £0.036  0.747 4+ 0.034 0.736 £0.037  0.902 4 0.021
Late-Fusion (SVM) 0.714 +£0.034 0.721 £ 0.031 0.714+£0.034  0.885 4+ 0.021
Late-Fusion (XGB) 0.735+0.046 0.744 + 0.045 0.737+£0.044  0.898 4+ 0.023
0.825
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FIGURE 5. Macro-F1 score distribution from the 10-fold stratified cross-validation. This plot visualizes the median (line), interquartile range (box), and

variance (whiskers) of each model’s performance.

three variants performed at or slightly below the text-only
baseline, as shown in Table 7.

We hypothesize two primary reasons for this failure. First,
the aggressive 11-layer freezing (as noted in Section IV-C2),
while essential for mitigating overfitting, likely prevented
the model’s single trainable layer from adequately learning
the complex, non-linear interactions between the two distinct
modalities.

Second, this challenge is compounded by the extreme
dimensional imbalance between the text embedding (768
dimensions) and the paralinguistic feature vector (18 dimen-
sions). For a deep learning model, the text signal is
information-rich and dimensionally dominant, making it
difficult for the architecture to assign sufficient weight to the
comparatively small paralinguistic vector. The architectural
variants designed to mitigate this imbalance (Models 128 and
256) also failed to improve performance, suggesting that the
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TABLE 8. Post-Hoc pairwise comparisons (Bonferroni) for macro-f1
scores against the “Text Model (Contextual)” baseline.

Model Name Mean Diff.  p-value (Bonferroni)
Late-Fusion (RF) 0.028 0.006
Late-Fusion (XGB)  0.026 0.005
Late-Fusion (SVM)  0.006 1.000

process of compressing the 768-dimensional text embedding
resulted in a critical loss of semantic information that
outweighed any potential benefit from the fused features.

Then, we evaluated the Late-Fusion variants. This two-
stage approach, which uses the “Text Model (Contextual)”
as a semantic feature extractor and combines its logits with
the paralinguistic features, proved to be the most effective
architecture.
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The ‘“Late-Fusion (RF)” model, using a Random Forest
classifier, emerged as the best-performing model in the entire
study, as shown in Table 7, achieving a Macro-F1 score of
0.737. The “Late-Fusion (XGB)” model was also highly
competitive, achieving 0.735. Both models represent a clear
and robust performance gain over the text-only baseline. This
superiority of the top late-fusion models is also evident in
Figure 5, which shows their higher median F1-scores and
stable distributions.

To statistically validate these findings, we conducted a
one-way repeated measures ANOVA on the Macro-F1 scores
of the four most competitive models: “Text Model (Con-
textual)’, “‘Late-Fusion (RF)”’, “Late-Fusion (SVM)”, and
“Late-Fusion (XGB)’. The Greenhouse-Geisser corrected
test confirmed a significant overall difference between the
models (F(1.53,13.80) = 4.96, p = 0.031). We then
performed post-hoc pairwise comparisons with Bonferroni
correction to identify the specific sources of this difference.
The key comparisons against our baseline “Text Model
(Contextual)”, are detailed in Table 8. The post-hoc analysis
provides statistical evidence that both the Late-Fusion (RF)
(p = 0.006) and Late-Fusion (XGB) (p = 0.005) models
significantly outperformed the ‘“Text Model (Contextual)”
baseline.

To evaluate generalizability, we compiled a hold-out
test set comprising 426 interventions from teachers TO1
and TO03, who were excluded from both the training and
validation phases. Crucially, this dataset relied on uncorrected
transcripts to simulate a real-world environment. The Late
Fusion RF model achieved a Macro-F1 score of 0.707 on this
independent dataset, demonstrating its ability to generalize to
unseen subjects even without manual transcription correction.

The answer to RQ2 is therefore clear and statistically
validated: the addition of paralinguistic features provides
a statistically significant enhancement to classification per-
formance, but only when integrated via a robust, two-stage
late-fusion architecture. The deeply integrated early-fusion
approach was not effective for this task.

C. RQ3: TO WHAT EXTENT CAN EXPLAINABILITY
TECHNIQUES LIKE XAl CLARIFY THE DECISION PROCESS
OF THE DEVELOPED MODELS BASED ON TEXTUAL
TOKENS AND PARALINGUISTIC FEATURES?

Having identified the ‘‘Late-Fusion (RF)”’ model as the most
robust architecture in RQ2, we now address RQ3 by applying
explainability techniques to understand how it achieved its
superior performance. For this, we employed the computa-
tionally efficient shap.TreeExplainer to analyze the
contributions of both its inputs: the DeBERTa-derived logits
and the paralinguistic features.

Our first and most critical finding is the global importance
of each input type. The DeBERTa-derived logits (the text-
based component) account for 64.02% of the model’s
predictive power. The paralinguistic features account for the
remaining 35.98%.
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This result demonstrates that the model’s decisions are
based on a substantial combination of both textual and
non-textual information. Given this clear importance split,
a comprehensive analysis requires that we investigate both
components separately. We will first analyze the lexical cues
that inform the textual component, followed by an analysis
of the behavioral patterns captured by the most influential
paralinguistic features.

1) ANALYSIS OF TEXTUAL COMPONENT

For this first part of the analysis, we applied the SHAP
framework to the “Text Model (Contextual)”’. Specifically,
we utilized ‘shap.Explainer’, which applies a partition-based
explainer suitable for transformer models, to analyze the
contribution of individual text tokens. While the analysis was
conducted for all five categories, we present the findings
for the FUp (Follow-Up) and Ga (Gamification) classes.
These two categories provide exemplary and highly distinct
insights into how the model differentiates these categories
based purely on lexical content.

a: FUP (FOLLOW-UP) TEXTUAL ANALYSIS

The ‘FUp’ category is defined as the teacher providing
follow-up or feedback on a clicker question to the entire
class. The SHAP analysis, shown in Figure 6, reveals that the
model learned to identify this category by associating it with
highly specific, technical vocabulary. The figure displays
the 25 most influential tokens, a count we selected as it
is sufficient to illustrate the dominant lexical patterns and
analyze the model’s alignment with a human-level, semantic
understanding of the category.

The most influential tokens are not generic conversational
words, but terms directly related, for example, to the
Computer Networks course content. For example, we see
tokens such as gateway, ARP, broadcast, MAC, router, and
red (network). Other technical tokens like calent (likely
from “calentamiento” or heating), barra (bar/slash), and bits
are also highly ranked. This provides clear evidence that
the model correctly learned that when the teacher is using
specific, technical jargon, it is a very strong indicator of a
‘FUp’ intervention, where they are explaining the details of a
problem or its solution.

b: GA (GAMIFICATION/GUIDING) TEXTUAL ANALYSIS
In contrast, the ‘Ga’ category is defined as referencing student
performance or the challenge level of a question, often to
manage the activity’s pace and motivation. The textual cues
for this category, shown in Figure 7, are entirely procedural
and motivational, containing almost no technical jargon.
The most influential tokens are directly related to the
management of the SRS activity itself. These include Bien
(Good/Well), ultima (Last), Respuesta (Answer), and vot
(from “‘votar”, to vote). Other high-impact tokens like gamos
(e.g., from “jugamos”, let’s play), paro (I stop), pregunta
(question), vamos (let’s go), and Cuando (When) are all
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FIGURE 6. Top 25 most influential tokens for the FUp class in the “Text Model (Contextual)”.
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FIGURE 7. Top 25 most influential tokens for the Ga class in the “Text Model (Contextual)”.

indicative of a teacher managing the flow of the activity,
encouraging students, or commenting on the voting process.

2) LATE-FUSION (RF) MODEL ANALYSIS

Having established the textual baseline, we now analyze
the best-performing model, the “Late-Fusion (RF)”. For
this tree-based model, we used the computationally efficient
‘shap.TreeExplainer’ to quantify how the model fuses the
DeBERTa-derived logits with the paralinguistic features to
make its final predictions.
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To understand how these features contribute, we first
analyzed the SHAP dependence plots for the most influential
features. We present three exemplary findings in Figure 8,
which reveal that the model learned to associate specific,
acoustic patterns with the intervention categories.

The first plot, Figure 8a, shows a strong positive correlation
(0.588) between the Participation Equality (PEQ) feature and
the AN (Answering Question) class. A higher PEQ indicates
a more balanced, less-monopolized dialogue. The model
correctly learned that an intervention is more likely to be an
‘AN’ when this “dialogue equality” is high, a behavior that
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FIGURE 8. SHAP dependence plots for three influential paralinguistic features, showing their correlation with the SHAP value (impact on prediction) for

specific classes.

perfectly aligns with the back-and-forth nature of a question-
and-answer exchange.

Perhaps the most compelling finding is in Figure 8b,
which shows a strong positive correlation (0.480) between
the Overlapping Rate (OVR) and the MG (Moving/Guiding)
class. The ‘MG’ label corresponds to the teacher moving
through the class to guide students as they work. A high
‘OVR’ indicates significant overlapping speech. The model
learned to associate this overlapping speech of a busy
classroom—the sound of multiple speakers talking at the
same time—as a powerful predictor that the teacher’s
intervention is one of guidance within that active learning
environment, like asking for silence among students.

This finding suggests that the statistically significant
performance boost documented in RQ2 is achieved because
these features provide tangible and quantifiable performance
that offer a source of evidence not captured by the text-only
model.

V1. DISCUSSION
A. TECHNICAL IMPLICATIONS: ENHANCING Al MODELS
THROUGH FUSED DATA
The enhanced performance observed with the integration
of paralinguistic features clearly demonstrates a significant
advancement in classification capabilities. This superiority
of fused data is not unprecedented; indeed, it has been
previously established that the use of multimodal infor-
mation surpasses unimodal systems, including those based
on BERT, in educational contexts [38]. This aligns with
the inherent multidimensionality of human conversations,
where complete information cannot be solely extracted
from textual transcripts. Furthermore, multimodal data not
only contributes to improved model performance but also
enhances generalization and robustness, as a greater diversity
of data is considered for classification, as comprehensively
reviewed in the literature [39].

Contextualizing these findings within our work, prior
research, such as [40], has compared the performance of
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classical machine learning techniques and deep learning
models like BERT, showing that the latter tend to benefit
more clearly from larger datasets. Although our dataset is
relatively modest in size, the observed performance gains
through the inclusion of paralinguistic features suggest that
further improvements could potentially be achieved as more
data becomes available.

B. IMPLICATIONS FOR EDUCATIONAL PRACTICE:
ANALYSIS OF TEACHING PRACTICES DURING SRS

The utilization of Student Response Systems (SRS) is well
established in educational literature and has been analyzed
across a range of disciplines. However, their implemen-
tation does not always align with pedagogically sound
practices. The Technology-Enhanced Formative Assessment
(TEFA) framework [4] emphasizes a structured question
cycle—comprising questioning, response, and whole-class
discussion—supported by classroom response technology.
This cycle reflects an ideal pedagogical flow that moves
beyond knowledge assessment toward active student engage-
ment and formative dialogue. Crucially, the effective use of
SRS requires fostering participation and discussion, rather
than simply posing questions and collecting answers [41].
When well implemented, SRS tools create opportunities for
students to explain and justify their reasoning while the
teacher adopts a facilitative role, encouraging collaborative
reflection on possible responses [42].

Our contribution lies in the system’s capacity to measure
the time teachers dedicate to different phases of this
cycle throughout their classes, providing objective data
for self-reflection. Furthermore, thanks to the implemented
explainability techniques, we can not only identify how
teachers allocate their time, but also understand what leads
the system to believe that time is being dedicated to
those particular sections. This contextualizes the information
provided by the model, thereby increasing confidence in the
system’s decisions and offering insights into why certain parts
of the cycle receive more attention than others.
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C. PRACTICAL APPLICATIONS IN REAL-WORLD
EDUCATIONAL SETTINGS

The analytical framework developed in this study translates
into several practical applications designed to enhance
pedagogical practice in real-world educational settings. The
primary contribution lies in its potential to create a tighter
feedback loop for teacher professional development, moving
from subjective self-assessment to objective, data-informed
reflection.

At the individual teacher level, the system can function
as a tool for reflective practice. Following a class session,
a teacher could receive an automated report detailing the
temporal distribution of their interventions. For instance,
a report might reveal that posing ‘Clicker Questions’ (CQ)
consumed 40% of the activity time, while substantive
‘Follow-Up’ (FUp) discussions constituted only 15%. Such
concrete, quantitative evidence provides a specific entry point
for reflection, prompting the teacher to consider whether their
practice aligns with their pedagogical intentions. This process
operationalizes the concept of the ‘“‘reflective practitioner”
by providing the evidentiary basis needed for critical
self-assessment and targeted instructional adjustment [43].

Within professional development, the framework can
facilitate deeper, evidence-based dialogue among peers or
in training workshops. For example, a group of instructors
could use the analytics to compare their implementation
patterns of the Technology-Enhanced Formative Assessment
(TEFA) model [4]. The data makes the abstract TEFA
cycle—questioning, response, and whole-class discussion—
visible and measurable. A teacher might notice they excel
at the questioning phase but consistently allocate minimal
time to discussion, a crucial component for fostering deeper
understanding [44]. This data-driven insight can guide peer-
to-peer mentoring and help focus professional learning on
specific, high-leverage practices.

Finally, at an institutional level, aggregated and anonymized
data could inform the strategic design of faculty development
initiatives. This approach enables institutions to move
beyond generic training and allocate resources to address
demonstrated, context-specific needs, thereby fostering a
culture of continuous improvement supported by learning
analytics [45].

D. LIMITATIONS

While our study presents significant contributions, it is
important to acknowledge certain limitations that warrant
consideration for future research.

Firstly, the dataset employed is relatively constrained,
comprising 10 audio files collected from a limited number
of teachers and courses. This inherent constraint on sample
size and diversity may impact the generalizability of our
findings to broader educational contexts. Different teaching
styles, subject matters, classroom acoustics, and student
demographics could introduce variations not fully captured
by our current dataset, thus limiting the direct applicability of
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our model’s performance to other pedagogical environments.
Nevertheless, despite this constrained dataset size, the signif-
icant performance improvements observed, particularly with
the integration of paralinguistic features, strongly indicate
the viability and potential of this multimodal approach for
automated teacher intervention analysis.

Secondly, while our approach leverages the robustness of
modern automatic speech recognition (ASR) and speaker
diarization processes, these upstream stages are not infallible,
especially within the acoustically challenging environment
of a classroom. Factors such as overlapping speech, varying
vocal qualities, and ambient background noise can lead to
misrecognized words or incorrect speaker attributions. These
inherent errors, although partially mitigated by our multi-
modal approach, could potentially propagate and influence
the accuracy of downstream classification. For instance,
amisrecognized word or a wrongly attributed utterance might
lead to the misclassification of a teacher’s pedagogical move.
Furthermore, in its current form, the system is not entirely
automatic, as initial ASR transcriptions were subjected to
manual review and correction to ensure high accuracy for
teacher interventions. While this manual curation established
a high-quality ground truth essential for model development
and validation, it represents a reliance on human intervention
in the data preparation pipeline, impacting scalability in a
fully automated deployment. It is noteworthy, however, that
recent research suggests classification systems can maintain
high performance even when confronted with less-than-
perfect ASR outputs [46], providing further confidence that
the observed benefits of integrating paralinguistic features
would likely persist even with purely automatic, uncorrected
transcripts.

VIl. CONCLUSION AND FUTURE WORK

The effective integration of Student Response Systems (SRS)
in educational settings requires feedback for instructors to
refine their pedagogical approaches. This study addressed
this imperative by developing and evaluating an automated
system for classifying teacher interventions within SRS-
supported classrooms, aiming to provide granular insights
into complex classroom dynamics.

Our methodology, leveraging robust speech recognition
and speaker diarization, served as input for advanced
DeBERTa-based models. Through a series of progressively
complex models, we demonstrated that while text-only
approaches provide a foundational understanding of teacher
interventions, they often fall short in capturing nuanced
pedagogical acts. Crucially, the integration of paralinguistic
features alongside textual content in our multimodal models
significantly enhanced classification performance, validating
our hypothesis that human conversation’s multidimensional-
ity extends beyond lexical content.

Furthermore, the application of Explainable Artificial
Intelligence (xAI) techniques, particularly SHAP, proved
instrumental in elucidating the decision-making processes of
these multimodal models. xAl not only clarified how the
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models fused textual and paralinguistic cues but also revealed
the differential importance of these features across various
intervention categories. This interpretability allows the gen-
eration of feedback, enabling teachers to understand ‘why’ an
intervention was classified in a particular way, fostering trust
in the system, and guiding targeted professional development.

As a statement of direction, we are currently exploring two
complementary research lines. The first focuses on extending
the classification framework to analyze pedagogical moves
within student collaborative learning scenarios, where the
dynamics of interaction are more complex and may benefit
even more from the integration of paralinguistic features.
The second line of work involves leveraging Large Language
Models (LLMs) both to enhance the classification process
and to generate interpretable explanations based on their
internal reasoning capabilities, opening the door to new forms
of model transparency and adaptive feedback.
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Conclusiones

Esta seccién presenta las principales conclusiones derivadas del desarrollo de esta
tesis doctoral. A continuacion, se identifican las direcciones futuras que emergen como
extensiones naturales de la investigacién realizada.

C1. El audio incorpora miltiples niveles de informacién pe-
dagdgica

El inicio de esta tesis fue la revisién sistemdatica, motivada por el objetivo O1. La
principal aportacién a este objetivo fue la organizacién de las posibles caracteristicas ex-
traidas del audio en tres niveles: bajo nivel, paralingiiisticas y procesamiento del lenguaje
natural. Esta taxonomizacién original, delineé el desarrollo de la tesis en etapas posterio-
res, marcando los objetivos O2 y O3.

Previo a la publicacién de la revision sistematica no existia una taxonomia disponible
para las caracteristicas de audio dividida por niveles y con detalles sobre la informacién
que aportan. Centralizar en un solo andlisis las diferentes formas de procesar el audio,
asi como ejemplos especificos sobre aplicaciones y combinaciones que se han realizado
de dichas caracteristicas, constituye una importante aportacion al campo. Esto permite
comprender el audio como un fenémeno estratificado donde cada nivel captura diferentes
aspectos pedagégicos y posibilita un disefio de investigacién mas sistematico al seleccionar
caracteristicas segin el nivel de analisis deseado. Esta seleccién puede orientar a los inves-
tigadores para formular sus preguntas de investigacién en base a la posible informacién
que se puede extraer de cada nivel de caracteristicas.

Ademaés, esta taxonomia invita a no cefirse a un tnico tipo de rasgo para una tarea
concreta. Las carencias de un tipo de caracteristica pueden ser subsanadas por otras, ya
que estas pueden comportarse de forma complementaria, como planteamos en la Secciéon
M3. Gracias a esta decisién se obtuvieron mejoras en rendimiento e interpretabilidad que
no habrian sido posibles con un solo tipo de caracteristica.
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C2. La informacién paralingiiistica posee un amplio potencial
pedagodgico

El objetivo O2 planteaba la caracterizacion de metodologias docentes ignorando
deliberadamente el uso del contenido verbal disponible. Esta decisién, lejos de constituir
una limitacién, abrié un amplio abanico de posibilidades para el analisis de la practica
docente. No solo resulta posible clasificar metodologias docentes basandose inicamente en
la estructura de los turnos, como ya se validé en R2, sino que la evidencia también sientan
las bases para el perfilado de los docentes en funcién de la distribucién temporal de sus
metodologias [23].

Ademés, dado que este tipo de caracteristicas son agnésticas al contenido 1éxico,
resulta posible generalizarlas a nuevos entornos no contemplados inicialmente, facilitan-
do la transferencia de conocimiento a nuevas areas y campos. Esta implicacion desafia
la asuncién de que el contenido verbal es imprescindible a la hora de realizar un analisis
pedagoégico. Lo que podria percibirse como una limitacién puede subsanarse con lo mencio-
nado en la conclusién C1, integrando informacién de multiples niveles cuando la situacion
lo requiera.

C3. El conocimiento experto supera a los sistemas de caja
negra

En el momento de plantear la metodologia del objetivo O3, especialmente en la fu-
sién de caracteristicas, se enfrenté un problema de sobredimensionamiento. El contenido
léxico requiere de un dimensionamiento alto (768 dimensiones) para poder contener toda
la informacién verbal que se presenta en la clase. Esto contrastaba con el modesto vec-
tor de caracteristicas paralingiiisticas (13 dimensiones). Trabajando con los sistemas de
early-fusion, las caracteristicas paralingiiisticas eran ignoradas por los modelos, indepen-
dientemente de la técnica que se utilizase para combatir este efecto. Sin embargo, al pasar
a sistemas de late-fusion, no solo las caracteristicas disenadas manualmente adquirieron
valor, sino que superaron al sistema basado exclusivamente en texto.

Este efecto en el que las caracteristicas disefiadas por humanos superan a las que
pueden extraer internamente los sistemas de deep learning ya se empezd a observar con
la integraciéon del MR en la fase metodolégica M2. El disefio de esta caracteristica surgié
del analisis del comportamiento de los datos extraidos en la fase de diarizacién. Sin este
andlisis previo no habria sido posible extraer esta informacién, que ademads habria sido
descartada por las caracteristicas de bajo nivel y NLP, al ser considerada ruido que no
permite un procesamiento ttil ni una transcripcién adecuada.

Este hecho lleva a reflexionar sobre el uso que se hace de las técnicas de inteligencia
artificial méds contemporédneas, donde la principal metodologia consiste en alimentar con un
volumen suficientemente grande de datos en bruto hasta que el modelo sepa diferenciar por
si mismo lo 1til del ruido para la tarea que se le encomienda. La ingenieria de caracteristicas
y la implicacién humana mas alld de unir las piezas de un puzzle tecnoldgico siguen siendo
relevantes, especialmente para comprender las relaciones que establecen los modelos. Estas
relaciones por si mismas tienen valor y pueden constituir la base de nuevos hallazgos, pero
no se dedican suficientes recursos a esta tarea, lo que conduce a la necesidad de abordar
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la explicabilidad.

C4. Explicabilidad por diseno

En la misma revision sistematica se analizaron las principales limitaciones que en-
frenta el campo para la adopcién generalizada de los desarrollos, siendo la principal de
ellas la retroalimentacion docente. Sin embargo, desarrollar inicamente herramientas pa-
ra los profesores no resulta suficiente, puesto que también es necesario cenirse a précticas
comprometidas con la privacidad y especialmente con el uso de técnicas de XAl por diseiio.
Ambas promesas son necesarias para convencer a los docentes de que estas herramientas
no constituyen sistemas de vigilancia forzosa o desarrollos que no aportan ningin tipo de
informacién 1til, sino que pueden servir para mejorar sus practicas.

La XAI juega un papel fundamental en el desarrollo de herramientas para los docen-
tes. Comprender las decisiones de una maquina genera confianza en el usuario y permite
entender por qué la maquina toma ciertas decisiones que en un primer momento pueden no
haberse comprendido o carecer de sentido. Particularmente en la metodologia M3 se hizo
especial hincapié en el uso de la XAl para entender las decisiones del modelo, dado que se
trataba de un sistema complejo basado en distintos tipos de caracateristicas para realizar
la clasificacién. Las técnicas de explicabilidad permitieron comprender las relaciones que
hacia el modelo con cada tipo de caracteristica, describiendo los patrones aprendidos y
qué informacién aportaban.

Sin embargo, las técnicas de explicabilidad actuales presentan algunas limitaciones.
Por ejemplo, los valores SHAP analizados para la explicabilidad en la Seccién M3 pueden
no resultar apropiados para perfiles no técnicos, puesto que solo presentan informacién
numérica que es necesario interpretar para comprender adecuadamente. Esta limitacion
puede conectarse con la conclusién C3 respecto al uso de conocimiento experto, pues la
ingenieria de caracteristicas que tienen sentido humano por si mismas permite reducir la
brecha con las técnicas de explicabilidad habituales en modelos de caja negra.

C5. Cerrando el ciclo de retroalimentacion docente

La principal motivacion de la tesis es el cierre del ciclo de retroalimentacion do-
cente. Este cierre podria haberse materializado inicamente con la entrega de los reportes
PDF mencionados en la Seccién R4. No obstante, la plataforma web materializa la apli-
cacién préactica del sistema, permitiendo que el profesorado acceda a la retroalimentacién
de forma auténoma. Esta implementacién transforma el software de analisis en una he-
rramienta accesible que los docentes pueden utilizar de manera independiente y segtin sus
necesidades.

La democratizacién en el acceso a esta herramienta, al prescindir de mediadores
externos, abre la posibilidad a fomentar una autonomia que estimule la curiosidad del do-
cente por su propio desempeno. Esta desintermediacién sentaria las bases para que el aula
pueda concebirse como un entorno de experimentacién pedagégica, donde el profesorado
tendria la capacidad de implementar nuevas metodologias y contrastar su impacto de ma-
nera empirica. Bajo esta premisa, la disponibilidad de métricas objetivas proporciona un
marco de referencia para la innovacion, facilitando que el proceso reflexivo se transforme
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en una dinamica de exploracién iterativa orientada al descubrimiento de estrategias de
ensenanza mas eficaces.

La plataforma web no solo cierra el ciclo analitico-reflexivo identificado como prin-
cipal laguna en la revisién sistematica, sino que representa una prueba de concepto de que
la investigacion en MMLA puede y debe transcender el ambito académico para ofrecer
herramientas reales que empoderen a los docentes en su préctica cotidiana.

A partir de los resultados y conclusiones presentados, emergen cuatro direcciones de
investigacién que permitirian extender y consolidar las contribuciones de esta tesis.

F1. Evaluaciéon longitudinal del impacto de la plataforma en
la practica docente

La limitacién maés significativa del resultado R4 es la ausencia de una evaluacion
rigurosa del impacto de la retroalimentacién automatica en la practica docente real. Aun-
que se recogi6 evidencia cualitativa de reflexién y cambio intencional, no se establecieron
medidas objetivas de mejora pedagdgica ni se controlé la evolucién longitudinal de las
métricas extraidas.

Una investigacién futura deberia disenar un estudio cuasi-experimental que compare
grupos de docentes con y sin acceso a la plataforma de retroalimentacién, midiendo tanto
indicadores de proceso (evolucién de las métricas paralingiiisticas a lo largo del curso) co-
mo indicadores de resultado (rendimiento estudiantil, satisfaccion, percepcion del clima de
aula). Complementariamente, estudios de usabilidad con protocolos de think-aloud permi-
tirfan identificar qué elementos de la interfaz resultan mas ttiles, qué métricas son mejor
comprendidas y qué barreras frenan la adopcion sostenida. Esta linea conecta directamen-
te con la necesidad, identificada en C4, de validar empiricamente la comprensibilidad de
las explicaciones generadas por XAl

F2. Extension del pipeline hacia caracteristicas actusticas de
bajo nivel

La arquitectura de software desarrollada durante esta tesis extrae caracteristicas
acusticas de bajo nivel que no fueron explotadas activamente en los modelos de clasificacién
presentados. Esta decision metodolégica, justificada por la prioridad de validar primero el
nivel paralingiiistico, deja abierta la exploraciéon del potencial de estas senales.

La literatura sugiere que caracteristicas como la variabilidad del tono (F0) pueden
correlacionarse con estados emocionales del docente o con estrategias retoricas como el
énfasis y la modulacién. Investigaciones futuras podrian integrar estas métricas de bajo
nivel con las caracteristicas paralingiiisticas validadas, evaluando si la fusién de multi-
ples estratos actuisticos mejoran los sistemas de clasificacion. Un enfoque particularmente
prometedor seria la deteccion de momentos de alta carga emocional que podrian enrique-
cer la retroalimentacién con informacion sobre el clima afectivo del aula, una dimensiéon
actualmente no capturada por los modelos implementados.
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F3. Integracion de modelos de lenguaje y arquitecturas agén-
ticas para retroalimentaciéon adaptativa

El componente de generacion narrativa implementado en R4 empleé modelos de
lenguaje ejecutados localmente con restricciones computacionales significativas. Las na-
rrativas generadas, aunque funcionales, evidenciaron limitaciones derivadas del descono-
cimiento de los modelos sobre el dominio especifico de las métricas paralingiiisticas y las
dindmicas de interacciéon educativa.

El avance exponencial de los grandes modelos de lenguaje y las arquitecturas agénti-
cas ofrece oportunidades para superar estas limitaciones. Un agente conversacional especia-
lizado podria actuar como mediador pedagégico entre las métricas extraidas y el docente:
respondiendo preguntas especificas (“;Es problematico que hable el 80 % del tiempo?”),
sugiriendo estrategias concretas basadas en la literatura pedagbgica, o incluso proponien-
do experimentos de aula (“La préxima sesién, intente aumentar el tiempo de espera tras
cada pregunta y observe si cambia el ratio de participacién del hablante”). Investigaciones
futuras deberfan explorar arquitecturas de Retrieval-Augmented Generation (RAG) que
anclen las respuestas del LLM en conocimiento pedagdgico validado, mitigando el riesgo
de alucinaciones y garantizando la fundamentacién de las recomendaciones.

F4. Generalizacion multilingiie y multicultural

El corpus empleado en esta tesis comprende exclusivamente grabaciones en espa-
nol, procedentes de una unica universidad y un conjunto limitado de disciplinas. Aunque
las caracteristicas paralingiiisticas fueron disefiadas para ser agnésticas al idioma, esta
propiedad tedrica no ha sido validada empiricamente en contextos multilingiies.

Investigaciones futuras deberian replicar los experimentos de clasificacién con graba-
ciones en otros idiomas y culturas educativas. Los patrones de interaccién verbal podrian
manifestar variaciones significativas entre tradiciones pedagogicas: culturas con mayor de-
ferencia jeradrquica podrian exhibir distribuciones de turnos més asimétricas; contextos
donde el debate abierto es norma podrian mostrar mayores tasas de solapamiento sin
que esto implique necesariamente trabajo colaborativo. Comprender estas variaciones es
requisito previo para desarrollar soluciones genuinamente generalizables. Colaboraciones
internacionales que aporten grabaciones de aula de distintos contextos lingiiisticos y cul-
turales constituirian una contribucion valiosa al campo.

En sintesis, esta tesis doctoral ha demostrado que el audio educativo constituye una
fuente de informacion pedagdgica estratificada con un gran potencial. Las caracteristicas
paralingiiisticas derivadas de la diarizacién de hablantes codifican una huella estructural de
la practica docente que puede capturarse de forma generalizable y agnéstica al contenido.
La fusion multimodal con representaciones semanticas potencia la clasificacién de inter-
venciones, mientras que las técnicas de explicabilidad transforman las métricas abstractas
en senales interpretables. La plataforma de retroalimentacion desarrollada materializa el
cierre del ciclo entre el analisis computacional y la retroalimentacién docente, aunque su
impacto longitudinal permanece como una pregunta abierta para futuras investigaciones.
Las direcciones propuestas delinean un programa de investigacién que podria consolidar
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las analiticas de audio educativo como un campo maduro con aplicaciones institucionales
reales.
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