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Predicting users’ preferences for different movie genres can improve
personalization and the performance of movie recommender systems. Given
the significant relationship between users’ personality traits and their
preferences for movie genres, this study aims to investigate the effectiveness
of using personality and demographic characteristics to predict users’ genre
preferences.

Method: In this study, movies were characterized according to 18 main
genres, while users were represented by personality traits based on the Five-
Factor Model, including conscientiousness, extraversion, agreeableness,
neuroticism, and openness to experience, along with demographic
characteristics including age, gender, and location. Various machine learning
models, including Support Vector Regression and Random Forest Regression,
were trained separately for each genre to learn the relationship between user
characteristics and their genre preferences. The models were evaluated on a
version of the MovieLens dataset using Mean Absolute Error (MAE) as the
primary evaluation metric.

Findings: The results showed that the models for predicting preferences for
drama, action, and crime achieved the best performance, with MAE values of
0.18, 0.21, and 0.22, respectively. In contrast, the models for musical and
fantasy genres obtained the highest error values, with MAEs of 0.34 and 0.33,
respectively.

Conclusion: The findings indicate that combining personality and
demographic characteristics can effectively predict users’ genre preferences
and can provide useful information for improving personalization and the
performance of movie recommender systems.
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Introduction

The rapid growth of online movie streaming platforms has provided users with access to a large and
diverse range of content. Although recommender systems facilitate content selection, the large
number of available movies and diversity of user preferences make accurate personalization
challenging. Predicting users’ preferences for different movie genres can provide valuable
information for improving the personalization and effectiveness of recommender systems. Previous
studies have reported meaningful relationships between personality traits and media or movie
preferences. However, most existing studies have focused on identifying these relationships rather
than developing predictive models that directly estimate genre preferences from personality
characteristics. Demographic characteristics can also provide complementary information about
individual differences in movie preferences. Therefore, this study investigates whether personality
and demographic characteristics can be used to predict users’ preferences for different movie genres.
Specifically, separate prediction models are developed for 18 movie genres to identify the most
informative characteristics for each genre. The findings can provide an additional source of user
information for recommender systems, particularly when users have limited behavioral histories.

Methods

The study uses the MovieLens 100K dataset provided by GroupLens Research, containing 100,000
ratings from 1,000 users for approximately 1,700 movies. Personality information was previously
collected using a questionnaire based on the Big Five personality model, including openness,
conscientiousness, extraversion, agreeableness, and neuroticism. Demographic characteristics,
including age, gender, and geographical location, are also incorporated. Movie-related information
is supplemented using IMDb. The proposed methodology consists of three main stages, as illustrated
in Figure 1. First, users’ genre preferences are estimated from their movie ratings. Eighteen genres
are considered: action, adventure, animation, children, comedy, crime, documentary, drama, fantasy,
film-noir, horror, musical, mystery, romance, sci-fi, thriller, war, and western. For each user and
genre, the average rating assigned to movies belonging to that genre is calculated as the preference
score, ranging from 1 to 5. When a user has not rated a movie belonging to a particular genre, the
corresponding value is treated as inactive rather than as a preference score. Because the original
movie information does not directly provide a single dominant genre for every movie, semantic
similarity is used to determine the main genre. Movie overviews are transformed into 384-
dimensional embeddings using the SentenceTransformer model, all-MiniLM-L6-v2. Descriptions of
the 18 genres are embedded using the same model. Cosine similarity is calculated between each
movie overview and the genre descriptions, and the genre with the highest similarity is assigned as
the dominant genre. This procedure is a semantic genre-assignment process rather than supervised
classification.

In the second stage, relevant personality and demographic features are selected separately for
each genre. Since the target variable is a numerical preference score, feature selection is formulated
as a regression problem. Four methods are employed: Sequential Forward Selection (SFS),
Sequential Backward Selection (SBS), Sequential Floating Forward Selection (SFFS), and Recursive
Feature Elimination (RFE). Feature selection is performed only on the training data to prevent
information leakage. Five-fold cross-validation is conducted within the training set, and the feature
subset producing the lowest Mean Absolute Error (MAE) is selected for each genre. In simple terms,
this stage identifies which personality and demographic characteristics provide more useful
information for estimating users’ interest in each genre. In the third stage, separate prediction models
are developed for the 18 genres using Support Vector Regression (SVR), Random Forest Regression
(RF), Gradient Boosting (XGB), K-Nearest Neighbors (KNN), and Feedforward Neural Networks
(FNN). For each genre, 80% of the data are used for training and 20% for independent testing.
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Hyperparameters are optimized using grid search. Model performance is evaluated using MAE,
Mean Squared Error (MSE), Root Mean Squared Error (RMSE), and R?, with MAE used as the
primary evaluation criterion. In simple terms, the models use the selected personal characteristics to
estimate how much a user is likely to prefer each genre, and their predictive performance is
subsequently evaluated.

Proposed Method

Stage One Stage Two Stage Three

Then, among the five personality

Users’ interest in different movie dimensions (Openness, Conscientiousness, Next, machine learning models
genres is first calculated based on Extraversion, Agreeableness and are developed to predict users’
the average ratings that users have Neuroticism) and also demographic interest in different movie genres
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Figure 1: Proposed framework for predicting users’ movie genre preferences based on personality and
demographic features.

Resultss and Discussion

The feature-selection results demonstrate that the most informative combination of personality and
demographic characteristics differs across movie genres. This finding indicates that the
characteristics associated with users’ preferences are not identical for all types of movie content. For
example, the prediction of action preference involves a broader combination of personality and
demographic characteristics, whereas comedy can be predicted using a smaller subset of personality
traits. Drama also involves a combination of personality and demographic characteristics. These
differences indicate that individual characteristics contribute differently to the prediction of users’
preferences across genres. The prediction results further demonstrate that the performance of the
models varies across genres. No single machine-learning algorithm consistently performs best for all
genres. Instead, different algorithms provide better predictions for different genres after feature
selection and hyperparameter optimization. This finding supports the use of genre-specific prediction
models rather than applying a single model to all movie genres. In other words, the predictive
relationship between users’ individual characteristics and their movie preferences depends on the
genre being considered.

As illustrated in Figure 1, the proposed process first uses users’ personality and demographic
characteristics as input information, then identifies the most relevant features, and finally uses these
features to estimate users’ interest in different movie genres. This step-by-step structure makes the
data-mining process more understandable by showing how individual characteristics are transformed
into genre-preference predictions. The findings indicate that personality and demographic
information can provide meaningful predictive signals, although their usefulness varies depending
on the genre. For additional evaluation, the proposed approach was compared with the method of
Gupta et al. (2025), which also uses the MovieLens dataset and the same set of movie genres.



Journal of Human-Information

Interaction

kharazmi University

However, the two studies differ in their modeling objectives and input features. Gupta et al. focus on
descriptive movie features and neural-network-based prediction of movie ratings, whereas the
present study predicts users’ genre preferences from personality and demographic characteristics.
Therefore, this comparison is intended to provide a reference under a common dataset and genre
setting rather than to claim that the two approaches perform the same prediction task.

Conclusions

The findings demonstrate that personality and demographic characteristics can provide useful
information for predicting users’ preferences across different movie genres. This result is consistent
with previous research reporting associations between personality traits and media or movie
preferences, while extending this line of research by using individual characteristics as inputs to
predictive models. The differences observed in the selected features and prediction performance
across genres further indicate that the relationship between individual characteristics and movie
preferences is genre-dependent. Therefore, genre-specific modeling can better reflect differences in
users’ interests than a single general prediction model. From an application perspective, predicted
genre-preference scores can be incorporated into recommender systems as an additional layer of user
modeling. These predictions can be combined with users’ behavioral histories and movie-content
information to provide more personalized recommendations. Such information may be particularly
useful for wusers with limited behavioral histories, where conventional behavior-based
recommendation methods face the cold-start problem. In shared-account environments, estimating
the potential genre preferences of individual users based on their personal characteristics may also
provide complementary information for distinguishing different interests and generating more
personalized recommendations. The study has several limitations. First, personality information may
not normally be available on real-world streaming platforms. Its practical use may therefore require
users’ voluntary participation or reliable indirect estimation from available behavioral information.
Second, the MovieLens dataset is limited in terms of size and cultural and geographical diversity,
which may restrict the generalizability of the findings. In addition, assigning a dominant genre based
on semantic similarity may not completely represent the complexity of movies that belong to multiple
genres.

From a practical perspective, recommender systems can use predicted genre preferences as
supplementary user-profile information rather than replacing behavioral data. Personality
characteristics could also be estimated indirectly from users’ interactions, where technically and
ethically appropriate, reducing dependence on direct questionnaires. Future research should validate
the proposed framework using larger and more culturally and geographically diverse datasets.
Integrating personality information with richer behavioral data, such as viewing time, search history,
and social interactions, may further improve user modeling. Deep-learning and attention-based
approaches can also be investigated to improve prediction accuracy and generalizability. Overall, the
findings suggest that combining personality and demographic characteristics with genre-specific
prediction is a promising approach for modeling users’ movie preferences. The proposed framework
can provide complementary information for recommender systems and contribute to the development
of more personalized movie recommendation services.
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