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Abstract

This study aims to explore the potential of Deep Neural Networks (DNNs) to predict
perceived usability in Conversational User Interfaces (CUIs). The research focuses on two
systems, ChatGPT and Gemini, evaluated in two interaction modalities: text and voice.
The main objective is to show that models based on Deep Neural Networks (DNN)
can be used as predictive tools to estimate perceived usability. To this end, a struc-
tured methodology is applied, including data segmentation, integration of demographic
variables, regularization techniques, and cross validation. Through this approach, we
hope to determine how demographic and experience factors influence usability predic-
tion and whether voice interaction provides a more stable framework for its evaluation.
The expected outcome is the development of a predictive model capable of supporting
usercentered design decisions and contributing to the optimization and personalization
of experiences with conversational systems.
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1 Introduction

In recent years, various voice systems or conversational user interfaces (CUIs) have gained importance in
many areas, ranging from education to entertainment [1, 2]. The growth of these systems demonstrates the
importance of focusing not only on their functionality but also on the quality of the user experience, with
an emphasis on usability [3].

This study is presented as an extended work of the article “Review of Heuristics and Usability and UX
Scales for Speech-Based Technologies” [4], in which a systematic review was conducted on scales, heuristics,
and design patterns in speech-based technological systems such as CUIs, VUIs, among others. That work
outlined future research aimed at a more focused study of conversational user interfaces (CUIs) and identified
a research gap in the validation and creation of scales, heuristics, and design guidelines [4].
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To address this gap, a neural network architecture is proposed to predict usability scores using the SUS 
[5] and VUS [6] scales for CUI systems, in order to estimate the usability perceived by users in both voice 
and text modalities. For this purpose, a strategic methodological approach was adopted to understand data 
segmentation and identify key patterns in the experiences of a group of users. In addition, a comparison is 
included between the predictions generated by the models and the actual evaluations provided by the users, 
representing a significant a dvancement o ver t he p revious w ork. T he s tudy i s b ased o n t he p remise that 
the interaction method, together with the conversational system, combined with demographic factors and 
prior experiences, directly influences u sers’ p erception o f u sability. For t his p urpose, various m odels were 
evaluated for each combination of system and modality, with the aim of comparing their performance and 
determining under which conditions a more accurate prediction can be achieved.

The results obtained not only corroborate the feasibility of implementing deep learning models in this 
field, b ut a lso p rovide a n e mpirical f oundation f or p rogressing t oward a  m ore p ersonalized a nd adaptable 
design of conversational systems, in line with users’ genuine expectations and requirements. User-Centered 
Design (UCD) [7] focuses on involving users in the creation of systems; however, these processes can become 
costly, time consuming, difficult to  ap ply it eratively wi thin de sign pr ocesses, an d re quire a considerable 
number of users for the information to be sufficient to  capture us ers’ pe rceptions of  us ability. Considering 
this context, predictive models do not seek to replace user based evaluation, but rather to complement it by 
reducing the number of users needed, while enabling the anticipation of problems and supporting decision-
making during the design process. Systems developed using UCD are characterized by being evaluated 
iteratively and continuously [7]; among the most common approaches are usability evaluation methods, 
which primarily assess the efficiency, effectiveness, and  sat isfaction [5]  of the  fina l syst em in orde r to make 
adjustments to the system.

2 Related Works

Several studies have explored the use of machine learning techniques in usability and user experience as-
sessment. Previous research has applied models such as Support Vector Machines (SVM), decision trees, 
and artificial neural networks to predict usability or satisfaction metrics in educational systems, mobile ap-
plications, and web platforms. These studies demonstrate the feasibility of the approach, although most 
are limited to non-conversational contexts or small, specific datasets, which r estricts the generalizability of 
their results [8]. Regarding the evaluation of conversational interfaces, recent literature has proposed specific 
scales such as the Voice Usability Scale (VUS) to measure perceived usability in voice systems. This research 
highlights the importance of combining subjective metrics with objective interaction data to obtain a more 
complete view of the user experience [9]. However, there are still few studies that integrate advanced deep 
learning techniques with these scales to generate predictive models [10].

Furthermore, reviews of voice assistants and chatbots have highlighted the relevance of contextual factors 
such as environment, user familiarity, and task type in the perception of usability [11]. Despite this, most 
studies continue to address these variables in isolation or through conventional statistical analyses, without 
leveraging the potential of DNN models to capture complex interactions between them. The gaps identified 
in the literature include:

• The absence of predictive models specifically designed for Conversational User Interfaces (CUI) that
integrate demographic, modality, and subjective perception variables.

• The lack of comparative studies between voice and text modalities using the same structured database,
subsequently segmented for independent analysis.

• The limited exploration of the use of automatic usability predictions as a support tool in User-Centered
Design.

This work contributes to closing these gaps by proposing an approach based on deep neural networks
capable of learning from real user data and predicting the perceived usability of different conversational
systems. By doing so, the incorporation of artificial intelligence techniques within the design and evalu-
ation processes is promoted, strengthening the connection between predictive model engineering and the
fundamental principles of human centered design.
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3 Materials and Methods

For the training and evaluation of the predictive model, the process illustrated in Figure 1 was followed, 
consisting of five d ifferent st ages th at re present th e ge neral de velopment flo w for  a d ee p neu ral network 
model. This flow b egins w ith data s election and p rocessing, where t he most important characteristics are 
selected and the data is prepared for subsequent analysis. Next, in stage 2, the training and validation set 
is generated by dividing the data for the purpose of training and evaluating the model. Once the data has 
been consolidated into training and validation data, the deep neural network is defined and constructed by 
configuring its a rchitecture. In stage 4, the model is trained using the previously generated architecture and 
the structured data set. Finally, in stage 5, performance measures are calculated to evaluate the accuracy 
and effectiveness of the model.

Figure 1: Development workflow of a model based on deep neural networks.

3.1 Selection and Preprocessing

In the data collection process, a sample of 62 participants residing in different departments of Colombia was
selected, with ages ranging from 18 to 72 years. The interviews included questions regarding gender, age,
ethnicity, and knowledge of the system being evaluated, in both text and voice modalities. All potential
user profiles were considered, including individuals with prior experience using CUIs as well as those without
such experience. For this purpose, each participant interacted with two systems (Gemini and ChatGPT)in
both voice and text modes.

To collect the data, structured interviews were conducted applying the SUS (System Usability Scale) [5]
and VUS (Voice Usability Scale) [6] methods for the text and voice modalities, respectively. Each method
consists of 10 questions related to the usability of the systems. As mentioned previously, demographic data
were also gathered regarding gender, age, municipality, department of residence, ethnicity, and prior knowl-
edge of the system. The age variable is divided into three distinct categories according to [12] . The names
of the categories are: “Emerging adulthood,” between 18 and 29 years old; “Young and middle-aged adults,”
between 30 and 39 years old; and “Middle to late adulthood,” between 40 and 65 years old. This catego-
rization is carried out to reduce the complexity of the analysis within the neural network. In the “Emerging
adulthood” category there are 26 participants, in “Young and middle-aged adults” there are 20 participants,
and in “Middle to late adulthood” there are 16 participants.

It is important to mention that the questions are used to calculate the weighted scores for the usability
tests in both modalities. This score determines the usability perceived by the user. The aforementioned
score is used in the modeling process as an objective variable, that is, the variable that is estimated from
the input data. High usability corresponds to a score greater than 80 and low usability to a score less than
80, taking into account what is stated in articles [13] and [14]; the first stipulates a categorization of the
SUS scale into Excellent, Good, Marginal, and Poor, where excellent corresponds to a weighted score greater
than 80, while the second article states that on the VUS usability scale, the average of user responses to
define a system as usable is 80.3. For this reason, in order to facilitate subsequent analysis, it is considered
that within the SUS scale and the VUS scale, a score of 80 should be used in order to maintain the same
range of measurements on both scales.

It should be noted that, during data collection, a single consolidated database was generated that inte-
grated all the information from the four system and modality combinations. Subsequently, in the prepro-
cessing stage, this database was divided into four independent subsets, corresponding to the Gemini-text,
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Gemini-voice, ChatGPT-text, and ChatGPT-voice combinations. Each of these subsets was used to train 
and validate the respective neural network models, maintaining consistency in the variables and balance in 
the data distribution. In this way, the coded demographic data and usability scores (SUS and VUS) served 
as input variables for the deep learning models, in order to predict the level of perceived usability in each 
system and modality. This facilitates.

3.2 Data Sampling

For the analysis, the database was segmented into four subsets corresponding to the combinations of system 
and interaction modality: ChatGPT Text, ChatGPT Voice, Gemini Text, and Gemini Voice. Each subset 
contained the corresponding interaction records along with their respective usability scores derived from SUS 
for text and VUS for voice. This segmentation allows for comparing and evaluating the performance of the 
systems under different conditions of use.

The scores obtained were used as a target variable to model the perception of usability, which facilitated 
the interpretation of results and the application of predictive models. In addition, coded demographic vari-
ables were used to identify possible patterns or significant d ifferences in  th e pe rception of  usability among 
different u ser g roups. Careful e xtraction and o rganization o f t hese s amples i s important, a s i t ensures the 
representativeness and validity of the data for the development and training of subsequent models, allowing 
for detailed and comparative analysis between systems and modalities.

3.3 Deep Neural Network

A Deep Neural Network (DNN) was used for predictive modeling of perceived usability in CUI systems. This 
approach allowed complex and nonlinear relationships between coded demographic variables and usability 
scores (SUS and VUS) to be captured. In addition, the network architecture was designed with multiple 
hidden layers and activation functions suitable for optimizing the learning of patterns present in the data. 
Demographic variables and user evaluation of the system/modality were used as inputs, while the output 
was the perceived usability score.

The model was trained using cross-validation techniques to ensure generalization, and regularization 
strategies were implemented to prevent overfitting. T he n etwork’s a bility t o l earn h ierarchical represen-
tations allowed for more accurate identification o f t he r elevant characteristics t hat i nfluence th e perceived 
usability of the evaluated systems. This method contributes to the generation of a robust predictive model 
that can be used to anticipate the perceived usability by different u ser p rofiles in  co nversational systems, 
facilitating continuous improvement and personalization of the user experience.

3.4 Training and Validation

For model training, a Multilayer Perceptron (MLP) implemented using the Keras Sequential API was used. 
The architecture consisted of an input layer with a dimension equal to the number of independent variables, 
followed by two densely connected hidden layers: the first w ith 6 4 n eurons a nd t he s econd w ith 3 2, both 
using the ReLU activation function. The output layer consisted of a single neuron with sigmoid activation.

The database was divided into two subsets: 80% for training and 20% for validation. The training 
process was carried out over multiple epochs, using the Adam optimizer, due to its ability to dynamically 
adjust the learning rate and its robustness against convergence problems. To avoid overfitting, regularization 
techniques such as dropout between hidden layers and the early stopping strategy were incorporated, which 
stopped training if no improvements in validation loss were observed during a certain number of epochs. 
Throughout training, the loss and mean absolute error (MAE) curves were continuously monitored for both 
training and validation data. This approach allowed the model to be optimally adjusted, maximizing its 
generalization capacity and ensuring that the learning was not biased or overfitted t o the t raining sample. 
The performance metrics obtained subsequently, such as R², RMSE, and RME, confirmed the effectiveness 
of the network in correctly estimating perceived usability levels in different interaction scenarios.
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Figure 2: Architecture of the Multilayer Perceptron (MLP) used to predict perceived usability.

3.5 Performance Metrics

To evaluate the performance of the Deep Neural Network model in predicting perceived usability in CUI
systems, statistical and graphical metrics widely recognized in the field of machine learning were used.

The quantitative metrics applied included the coefficient of determination (R2), the mean error (RME),
and the root mean square error (RMSE). The R² coefficient allowed us to determine the degree of correlation
between the values predicted by the model and the actual values, indicating the proportion of variance ex-
plained by the model. The MAE provided a measure of the average bias in the predictions, while the RMSE
provided a more error sensitive view by penalizing larger deviations between the actual and estimated values.
In addition to these numerical metrics, the loss curves and mean absolute error (MAE) curves were analyzed
during the model training and validation process. These curves allowed us to observe the learning behavior
in each epoch, identifying possible cases of overfitting or underfitting, as well as the convergence of the model
towards an optimal solution. Together, these measures provided a comprehensive assessment of the model’s
performance, allowing us to validate not only its predictive accuracy, but also its stability and generalizing
ability across different datasets derived from the systems and interaction modalities.

4 Results

4.1 Text-Based Conversational User Interface

4.1.1 ChatGPT

In the case of the ChatGPT system in text-based mode, the model demonstrated strong performance in
predicting perceived usability. A Root Mean Square Error (RMSE) of 0.2 was obtained, indicating that, on
average, the model’s predictions differ from the actual values by a relatively small magnitude. The Mean
Absolute Error (MAE) was 0.07, confirming that the average absolute error between the predictions and
the observed values is minimal. Furthermore, the model achieved a coefficient of determination (R2) of
0.78, suggesting that 78% of the variability in usability levels can be explained by the demographic and
experience variables considered. Lastly, the Relative Mean Error (RME) was 0.29, indicating that the mean
error represents approximately 29% of the actual value on average. These results reflect a good predictive
capability of the model in identifying patterns in the perception of usability for the ChatGPT system in its
text-based mode.

Table 1: Model Results with ChatGPT Data for CUI by Text
Metric RMSE MAE R2 RME
Value 0.20 0.07 0.78 0.29

Fig. 3 shows the training and validation curves corresponding to the evolution of the loss and mean
absolute error (MAE) of the developed model for the ChatGPT system in its text mode. In both graphs,
a progressive and stable decrease of the metrics can be observed throughout the 50 training epochs, for
both the training and validation sets. The loss curve, calculated using mean squared error (MSE), shows a
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sustained reduction without abrupt increases during validation, indicating that no overfitting was evident. 
Similarly, the MAE curve confirms a  continuous improvement in the model’s performance, with the average 
error decreasing in both training phases. These visual curves support the quantitative results obtained by 
the model (RMSE: 0.2, MAE: 0.07, R2: 0.78, RME: 0.29), demonstrating good generalization ability to 
predict the system’s usability perception.

Figure 3: Loss curve and MAE curve of ChatGPT for text modality.

4.1.2 Gemini

In the case of the Gemini system, the model showed a moderate performance in predicting usability percep-
tion. The RMSE (Root Mean Square Error) was 0.34, indicating a greater dispersion of errors compared to
other evaluated models. The MAE (Mean Absolute Error) reached a value of 0.18, reflecting a higher average
error in the predictions. The coefficient of determination R2 was 0.51, implying that the model explains
approximately 51% of the variability in usability perception based on the considered factors. Additionally,
the RME (Relative Mean Error) was 0.50, meaning that the average error represents 50% of the actual value,
which suggests an acceptable performance but with clear opportunities for improvement.

Table 2: Model Results with Gemini Data for CUI by Text
Metric RMSE MAE R2 RME
Value 0.34 0.18 0.51 0.50

Fig. 4 shows the loss and mean absolute error (MAE) curves obtained during the training of the model
for the Gemini system in text mode. Although both training curves show a decreasing trend, there is a con-
siderable difference compared to the validation curves, which remain high and stable throughout the epochs.
This discrepancy suggests that the model did not achieve adequate generalization on the validation data,
possibly due to high variability in the responses or insufficient model complexity to capture the underlying
patterns. These findings are consistent with the obtained metrics (RMSE: 0.34, MAE: 0.18, R2: 0.51, RME:
0.50), which demonstrate moderate predictive capacity and the need to adjust or improve the model for this
type of data.

4.2 Voice-Based Conversational User Interface

4.2.1 ChatGPT

For the ChatGPT system in its voice mode, the model achieved notable performance in predicting perceived
usability. The RMSE was 0.27, reflecting a low standard deviation in prediction errors, while the MAE,
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Figure 4: Loss curve and MAE curve of Gemini for text modality.

with a value of 0.13, indicates that the average absolute error remained relatively low. The coefficient of
determination R² reached 0.71, suggesting that the model was able to explain 71% of the variability in
usability perception, demonstrating strong explanatory power. Likewise, the RME was 0.23, indicating that
the mean error represents only 23% of the actual value, highlighting the overall precision of the model.
Together, these results show that the model offers good predictive capability when working with voice
interaction data in the ChatGPT system, making it an effective tool for analyzing user experiences in this
modality.

Table 3: Model Results with ChatGPT Data for CUI by Voice
Metric RMSE MAE R2 RME
Value 0.27 0.13 0.71 0.23

Fig. 5 shows the loss and MAE curves of the model applied to the ChatGPT system in its voice mode.
Both graphs reveal a marked difference between the model’s behavior on the training set and the validation
set. The loss and mean absolute error during training are notably low from the early epochs, suggesting
an almost perfect fit to the training data. However, the validation curves present higher and relatively
stable values, which may indicate slight overfitting or difficulties for the model to generalize properly to new
contexts. Despite this, the obtained metrics (RMSE: 0.27, MAE: 0.13, R2: 0.71, RME: 0.23) reflect good
overall predictive performance, with adequate capability to model the usability perception in this system.

4.2.2 Gemini

In the case of the Gemini system in its voice mode, the model demonstrated high predictive performance
in estimating perceived usability. The RMSE was 0.19 and the MAE was 0.06, indicating that prediction
errors were low both on average and in dispersion, reflecting high accuracy. The coefficient of determination
R² reached a value of 0.80, implying that the model was able to explain 80% of the variability in usability
perception based on the independent variables, demonstrating excellent explanatory power. Additionally,
the RME was only 0.07, indicating that the mean error represents just 7% of the actual value, further
reinforcing the model’s reliability. Overall, these results highlight the model’s robustness for analyzing
voice interactions in the Gemini system, even surpassing in some aspects the performance observed in other
evaluated configurations.
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Figure 5: Loss curve and MAE curve of ChatGPT for voice modality.

Table 4: Model Results with Gemini Data for CUI by Voice
Metric RMSE MAE R2 RME
Value 0.19 0.06 0.8 0.07

The displayed graph shows the behavior of the model during the training and validation process, evaluated
using two metrics: loss (using mean squared error or MSE) and MAE (mean absolute error). In the first
graph, the training loss is very low and remains almost constant, while the validation loss gradually decreases,
indicating that the model is learning properly without signs of overfitting. In the second graph, the MAE
also decreases in both training and validation, showing behavior consistent with the loss. These results
reflect that the model has good generalization capability, which is confirmed by the obtained metrics: an
RMSE of 0.19, an MAE of 0.06, an R2 of 0.80 (implying that 80% of the variance in the data is explained
by the model), and a relative mean error (RME) of 0.07, indicating a low level of relative error. Overall,
both the graphs and the metrics suggest a precise and effective model for the regression problem addressed.

5 Discussion

The results obtained through the developed models confirm the effectiveness of the Deep Neural Network
(DNN) based approach for predicting perceived usability in conversational systems across different interac-
tion modalities and technological configurations. Based on the general method described in Fig. 2, it was
evident that each stage of the process—from data collection and preprocessing to performance evaluation
contributed significantly to building robust and generalizable models, especially when considering users’ de-
mographic characteristics and prior experience.

The model applied to the ChatGPT system in text mode exhibited solid performance, standing out for
its low prediction error (RMSE: 0.2, MAE: 0.07) and a coefficient of determination R² of 0.78. This perfor-
mance indicates that the model was able to explain a considerable proportion of the variance in perceived
usability levels, capturing relevant patterns from the encoded variables. The training and validation curves
associated with this model showed a progressive decrease in error without signs of overfitting, confirming
adequate generalization. In contrast, the Gemini model in text mode showed limited performance (R² =
0.51), revealing a considerable gap between the training and validation data. This result suggests potential
problems with underfitting or architectural configuration, as the network may not have adequately captured
the nonlinear relationships between input variables and perceived usability. Potential causes include insuffi-
cient model complexity, a small or undiversified dataset, and excessive regularization that restricts learning
capacity. To improve performance, it is proposed to adjust the neural architecture by increasing the depth
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Figure 6: Loss curve and MAE curve of Gemini for voice modality.

or number of neurons, expand the training set by incorporating more representative samples from different
user profiles, and optimize the hyperparameters through cross validation. These actions could strengthen the
model’s predictive capacity and improve its generalizability, thus contributing to a more accurate estimation
of perceived usability in conversational interfaces.

Regarding the voice modalities, generally better predictive performance was identified. The model ap-
plied to ChatGPT in voice mode obtained satisfactory metrics (RMSE: 0.27, MAE: 0.13, R²: 0.71), although
the validation graphs showed a slight tendency toward overfitting. Nevertheless, the model maintained good
predictive capability, demonstrating that voice as an interaction channel can provide more consistent data
to model usability perception. The best overall performance was recorded by the model corresponding to
Gemini in voice mode, with an RMSE of 0.19, an MAE of 0.06, and an R² coefficient of 0.80. These metrics
reflect outstanding explanatory and predictive capacity, as well as low dispersion and bias in the predictions
(RME: 0.07). The loss and MAE curves during training and validation showed coherent behavior without
evidence of overfitting, indicating that the model effectively learned the underlying data patterns. This
result suggests that, under adequate training conditions and architecture, DNN models can achieve optimal
precision levels even with moderate samples, provided there is proper data representation.

Segmenting the database into four subsets (system and modality) was key to performing a rigorous
comparative analysis. This approach revealed that voice modalities tend to offer better predictive results,
possibly due to less ambiguity in user perception or a clearer interaction experience. Likewise, the models
associated with Gemini in voice modality and ChatGPT in text modality were the most balanced in terms of
generalization and accuracy, highlighting that both the type of system and the interaction modality have a
significant effect on perceived usability. Taken together, these findings validate the usefulness of the proposed
methodological approach, particularly the application of multilayer neural networks with cross validation,
regularization, and overfitting prevention techniques. The architectural design adopted with hidden layers,
ReLU and sigmoid activation functions proved effective in predicting perceived usability.

Furthermore, beyond quantitative performance, the results of this study offer relevant contributions to
the Human-Computer Interaction (HCI) community and to developers of conversational systems. First, the
proposed models can be used as predictive tools to support user centered design, enabling early usability
assessments without the need for extensive testing. Second, the results provide objective and measurable
criteria to guide improvements in conversational interfaces, facilitating data driven decision making. In
addition, prediction is useful for early design phases, comparison of alternatives, and cost reduction; this
architecture performs well in predicting the usability of voice-based CUI systems. Although this article does
not focus on using DNN models to improve systems based on the use of UDC, it does allow us to analyze
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how data behaves in a DNN. The main purpose of this article is to show that models based on Deep Neural 
Networks (DNN) can be used as predictive tools to estimate the perceived usability of conversational sys-
tems, based on variables related to the user’s profile, their previous experience, and the interaction modality, 
without the need for extensive traditional evaluations. The results obtained show that, using a properly 
configured multilayer a rchitecture, i t i s p ossible to model nonlinear r elationships b etween these i nput vari-
ables and the subjective perception of usability, achieving accurate and generalizable predictions. In this 
sense, the proposed approach allows us to anticipate how different system configurations and modalities (text 
and voice) will be perceived by users, providing objective support for early usability evaluation, comparison 
between design alternatives, and data driven decision making in the development of conversational interfaces.

6 Conclusions

This research explores the potential of deep learning models, particularly Deep Neural Networks (DNNs), 
to model the relationship between observable user-related variables (such as demographic factors, previous 
experience, and interaction modality) and perceived usability in conversational user interfaces (CUIs). The 
results indicate that DNNs are capable of capturing relevant patterns in usability data obtained through 
post-test instruments, contributing to a better understanding of how different f actors a re a ssociated with 
the subjective perception of usability.

From a methodological perspective, the proposed approach integrates human, contextual, and techno-
logical factors into the user experience evaluation process. Rather than replacing traditional User Centered 
Design (UCD) methods, the use of deep learning based models is proposed as a complementary analytical 
tool that supports the interpretation of usability data collected using established instruments such as SUS 
and VUS. The results suggest differences in model performance depending on the interaction modality, with 
better predictive performance observed in voice-based conversational systems, while clear opportunities for 
improvement are identified in the textual modality.

As future work, we propose a strategy consisting of collecting usability data, training predictive models, 
applying these models to new scenarios, and using the resulting estimates to support and prioritize design 
decisions before full user evaluations. Thus, DNNs act as a complement to User-Centered Design (UCD), 
enabling early evaluations and cost reduction in the early stages. The results indicate better predictive 
performance in voice-based conversational systems, while opportunities for improvement are identified in the 
text modality. As additional future work, we propose expanding and diversifying the samples, comparing 
DNNs with other machine learning approaches, and incorporating contextual and emotional variables to 
achieve more comprehensive models.
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