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Abstract

With the development of technology, various types of data are emerging. Compared with tradi-
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tional discrete data, functional data can better reflect the continuity and trend of data. In practical
applications, we usually need to establish models based on the features of functional data. For the
case where the response variable is scalar and the predictor variable contains both functional and
scalar variables, traditional linear models cannot meet the requirements. To address this issue,
this paper proposes a generalized partially functional linear model, which can not only handle scalar
and functional composite variables but also estimate the link function through the relationship
between the predictor and response variables, making it more practical. Specifically, this paper
uses the functional principal component analysis method to reduce the dimension of functional
variables, and then estimates the regression coefficients using the likelihood estimation method
and the link function using the local linear regression method. In this way, we can obtain the final
estimate and achieve modeling and prediction of composite variables. To verify the effectiveness
of the model, this article applies it to the study of population density. The results show that the
model can effectively reflect the relationship between the predictor and response variables and
obtain expected conclusions. This study also promotes the further application and promotion of
the generalized partially linear functional linear model.
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Figure 1. Daily AQI changes in 50 cities
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Figure 2. Regression parameters function ﬁ’ (t) and its 95% confidence intervals
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Table 1. The scalar regression coefficient y and significance level
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Vier 0.8735 0.1388 6.2932 1.65581e-07 FrK
2 0.0849 0.0403 2.1067 0.00413 *
Vet 0.4794 0.6475 0.7404 0.04633
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