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Abstract. The function-on-function linear regression model in which the re-
sponse and predictors consist of random curves has become a general frame-
work to investigate the relationship between the functional response and func-
tional predictors. Existing methods to estimate the model parameters may be
sensitive to outlying observations, common in empirical applications. In ad-
dition, these methods may be severely affected by such observations, leading
to undesirable estimation and prediction results. A robust estimation method,
based on iteratively reweighted simple partial least squares, is introduced to
improve the prediction accuracy of the function-on-function linear regression
model in the presence of outliers. The performance of the proposed method
is based on the number of partial least squares components used to estimate
the function-on-function linear regression model. Thus, the optimum num-
ber of components is determined via a data-driven error criterion. The finite-
sample performance of the proposed method is investigated via several Monte
Carlo experiments and an empirical data analysis. In addition, a nonparamet-
ric bootstrap method is applied to construct pointwise prediction intervals
for the response function. The results are compared with some of the exist-
ing methods to illustrate the improvement potentially gained by the proposed
method.

References

Agostinelli, C. and Library, S. C. M. (2015). wle: Weighted likelihood estimation. R package version 0.9-91.

Aguilera, A. M., Escabias, M., Preda, C. and Saporta, G. (2010). Using basis expansions for estimating functional
PLS regression: Applications with chemometric data. Chemometrics and Intelligent Laboratory Systems 104,
289-305.

Aguilera, A. M., Escabias, M., Preda, C. and Saporta, G. (2016). Penalized versions of functional PLS regression.
Chemometrics and Intelligent Laboratory Systems 154, 80-92.

Aguilera, A. M., Ocana, F. A. and Valderrama, M. J. (1999). Forecasting with unequally spaced data by a func-
tional principal component approach. Test 8, 233-254. MR1707639 https://doi.org/10.1007/BF02595871

Alin, A. and Agostinelli, C. (2017). Robust iteratively reweighted SIMPLS. Journal of Chemometrics 31, e2881.

Beyaztas, U. and Shang, H. L. (2019). Forecasting functional time series using weighted likelihood methodol-
ogy. Journal of Statistical Computation and Simulation 89, 3046-3060. MR4000283 https://doi.org/10.1080/
00949655.2019.1650935

Beyaztas, U. and Shang, H. L. (2020a). On function-on-function regression: Partial least squares approach. Envi-
ronmental and Ecological Statistics 27, 95-114.

Beyaztas, U. and Shang, H. L. (2020b). Robust bootstrap prediction intervals for univariate and multivariate
autoregressive time series models. Journal of Applied Statistics. To appear.

Beyaztas, U. and Shang, H. L. (2021). A partial least squares approach for function-on-function interaction re-
gression. Computational Statistics 36, 911-939. MR4255794 https://doi.org/10.1007/s00180-020-01058-z
Chiou, J.-M., Yang, Y.-F. and Chen, Y.-T. (2016). Multivariate functional linear regression and prediction. Journal

of Multivariate Analysis 146, 301-312. MR3477667 https://doi.org/10.1016/j.jmva.2015.10.003
Craven, P. and Wahba, G. (1978). Smoothing noisy data with spline functions. Numerische Mathematik 31, 377—
703. MR0405795 https://doi.org/10.1007/BF01437407

Key words and phrases. Basis function, dimension reduction, SIMPLS, weighted likelihood.


https://imstat.org/journals-and-publications/brazilian-journal-of-probability-and-statistics/
https://doi.org/10.1214/21-BJPS523
http://www.redeabe.org.br/
mailto:ufuk.beyaztas@marmara.edu.tr
mailto:hanlin.shang@mq.edu.au
http://www.ams.org/mathscinet-getitem?mr=1707639
https://doi.org/10.1007/BF02595871
http://www.ams.org/mathscinet-getitem?mr=4000283
https://doi.org/10.1080/00949655.2019.1650935
http://www.ams.org/mathscinet-getitem?mr=4255794
https://doi.org/10.1007/s00180-020-01058-z
http://www.ams.org/mathscinet-getitem?mr=3477667
https://doi.org/10.1016/j.jmva.2015.10.003
http://www.ams.org/mathscinet-getitem?mr=0405795
https://doi.org/10.1007/BF01437407
https://doi.org/10.1080/00949655.2019.1650935

Cuevas, A. (2014). A partial overview of the theory of statistics with functional data. Journal of Statistical Plan-
ning and Inference 147, 1-23. MR3151843 https://doi.org/10.1016/j.jspi.2013.04.002

Cummins, D. J. and Andrews, C. W. (1995). Iteratively reweighted partial least squares: A performance analysis
by Monte Carlo simulation. Journal of Chemometrics 9, 489-507.

Dayal, B. S. and MacGregor, J. F. (1997). Improved PLS algorithms. Journal of Chemometrics 11, 73-85.

de Jong, S. (1993). SIMPLS: An alternative approach to partial least squares regression. Chemometrics and Intel-
ligent Laboratory Systems 18, 251-263.

Delaigle, A. and Hall, P. (2012). Methodology and theory for partial least squares applied to functional data. The
Annals of Statistics 40, 322-352. MR3014309 https://doi.org/10.1214/11-AOS958

Escoufier, Y. (1970). Echantillonnage dans une population de variables aléatories réelles. Publications de I’ Institut
de Statistique de I'Université de Paris 19, 1-47. MR0451482

Febrero-Bande, M., Galeano, P. and Gonzalez-Manteiga, W. (2017). Functional principal component regression
and functional partial least-squares regression: An overview and a comparative study. International Statistical
Review 85, 61-83. MR3637736 https://doi.org/10.1111/insr.12116

Ferraty, F. and Vieu, P. (2006). Nonparametric Functional Data Analysis. New York: Springer. MR2229687

Gervini, D. (2012). Functional robust regression for longitudinal data. Working paper.

Goulet, V., Dutang, C., Maechler, M., Firth, D., Shapira, M. and Stadelmann, M. (2021). expm: Matrix Exponen-
tial, Log, ‘etc’. R package version 0.999-6.

Hall, P. and Hosseini-Nasab, M. (2006). On properties of functional principal components analysis. Journal of the
Royal Statistical Society, Series B 68, 109-126. MR2212577 https://doi.org/10.1111/j.1467-9868.2005.00535.
X

He, G., Miiller, H. G., Wang, J. L. and Yang, W. J. (2010). Functional linear regression via canonical analysis.
Bernoulli 16, 705-729. MR2730645 https://doi.org/10.3150/09-BEJ228

Horvath, L. and Kokoszka, P. (2012). Inference for Functional Data with Applications. New York: Springer.
MR2920735 https://doi.org/10.1007/978-1-4614-3655-3

Hsing, T. and Eubank, R. (2015). Theoretical Foundations of Functional Data Analysis, with an Introduction to
Linear Operators. Chennai, India: John Wiley & Sons. MR3379106 https://doi.org/10.1002/9781118762547

Hubert, M. and Branden, K. V. (2003). Robust methods for partial least squares regression. Journal of Chemomet-
rics 17, 537-549.

Hullait, H., Leslie, D. S., Pavlidis, N. G. and King, S. (2021). Robust function-on-function regression. Techno-
metrics 63, 396—409. MR4296905 https://doi.org/10.1080/00401706.2020.1802350

Hyndman, R. J. and Shang, H. L. (2009). Forecasting functional time series. Journal of the Korean Statistical
Society 38, 199-211. MR2750314 https://doi.org/10.1016/j.jkss.2009.06.002

Hyndman, R. J. and Shang, H. L. (2010). Rainbow plots, bagplots, and boxplots for functional data. Journal of
Computational and Graphical Statistics 19, 29-45. MR2752026 https://doi.org/10.1198/jcgs.2009.08158

Ivanescu, A. E., Staicu, A.-M., Scheipl, F. and Greven, S. (2015). Penalized function-on-function regression.
Computational Statistics 30, 539-568. MR3357075 https://doi.org/10.1007/s00180-014-0548-4

Kalogridis, I. and Aelst, S. V. (2019). Robust functional regression based on principal components. Journal of
Multivariate Analysis 173, 393-415. MR3945631 https://doi.org/10.1016/j.jmva.2019.04.003

Kokoszka, P. and Reimherr, M. (2017). Introduction to Functional Data Analysis. Boca Raton: CRC Press.
MR3793167

Lindsay, B. G. (1994). Efficiency versus robustness: The case for minimum Hellinger distance and related meth-
ods. The Annals of Statistics 22, 1018—-1114. MR1292557 https://doi.org/10.1214/a0s/1176325512

Luo, R. and Qi, X. (2019). Interaction model and model selection for function-on-function regression. Journal
of Computational and Graphical Statistics 28, 309-322. MR3974882 https://doi.org/10.1080/10618600.2018.
1514310

Markatou, M. (1996). Robust statistical inference: Weighted likelihoods or usual M-estimation? Communications
in Statistics Theory and Methods 25, 2597-2613. MR1424732 https://doi.org/10.1080/03610929608831858

Maronna, R. A. and Yohai, V. J. (2013). Robust functional linear regression based on splines. Computational
Statistics & Data Analysis 65, 46-55. MR3064942 https://doi.org/10.1016/j.csda.2011.11.014

Martines-Hernandez, 1. and Genton, M. G. (2020). Recent developments in complex and spatially correlated
functional data. Brazilian Journal of Probability and Statistics 34, 204-229. MR4093256 https://doi.org/10.
1214/20-BJPS466

Matsui, H. (2020). Quadratic regression for functional response models. Econometrics and Statistics 13, 125-136.
MR4058330 https://doi.org/10.1016/j.ecosta.2018.12.003

Matsui, H., Kawano, S. and Konishi, S. (2009). Regularized functional regression modeling for functional re-
sponse and predictors. Journal of Math-for-Industry 1, 17-25. MR2654326

Miiller, H.-G. and Yao, F. (2008). Functional additive models. Journal of the American Statistical Association
103, 1534-1544. MR2504202 https://doi.org/10.1198/016214508000000751


http://www.ams.org/mathscinet-getitem?mr=3151843
https://doi.org/10.1016/j.jspi.2013.04.002
http://www.ams.org/mathscinet-getitem?mr=3014309
https://doi.org/10.1214/11-AOS958
http://www.ams.org/mathscinet-getitem?mr=0451482
http://www.ams.org/mathscinet-getitem?mr=3637736
https://doi.org/10.1111/insr.12116
http://www.ams.org/mathscinet-getitem?mr=2229687
http://www.ams.org/mathscinet-getitem?mr=2212577
https://doi.org/10.1111/j.1467-9868.2005.00535.x
https://doi.org/10.1111/j.1467-9868.2005.00535.x
http://www.ams.org/mathscinet-getitem?mr=2730645
https://doi.org/10.3150/09-BEJ228
http://www.ams.org/mathscinet-getitem?mr=2920735
https://doi.org/10.1007/978-1-4614-3655-3
http://www.ams.org/mathscinet-getitem?mr=3379106
https://doi.org/10.1002/9781118762547
http://www.ams.org/mathscinet-getitem?mr=4296905
https://doi.org/10.1080/00401706.2020.1802350
http://www.ams.org/mathscinet-getitem?mr=2750314
https://doi.org/10.1016/j.jkss.2009.06.002
http://www.ams.org/mathscinet-getitem?mr=2752026
https://doi.org/10.1198/jcgs.2009.08158
http://www.ams.org/mathscinet-getitem?mr=3357075
https://doi.org/10.1007/s00180-014-0548-4
http://www.ams.org/mathscinet-getitem?mr=3945631
https://doi.org/10.1016/j.jmva.2019.04.003
http://www.ams.org/mathscinet-getitem?mr=3793167
http://www.ams.org/mathscinet-getitem?mr=1292557
https://doi.org/10.1214/aos/1176325512
http://www.ams.org/mathscinet-getitem?mr=3974882
https://doi.org/10.1080/10618600.2018.1514310
http://www.ams.org/mathscinet-getitem?mr=1424732
https://doi.org/10.1080/03610929608831858
http://www.ams.org/mathscinet-getitem?mr=3064942
https://doi.org/10.1016/j.csda.2011.11.014
http://www.ams.org/mathscinet-getitem?mr=4093256
https://doi.org/10.1214/20-BJPS466
http://www.ams.org/mathscinet-getitem?mr=4058330
https://doi.org/10.1016/j.ecosta.2018.12.003
http://www.ams.org/mathscinet-getitem?mr=2654326
http://www.ams.org/mathscinet-getitem?mr=2504202
https://doi.org/10.1198/016214508000000751
https://doi.org/10.1080/10618600.2018.1514310
https://doi.org/10.1214/20-BJPS466

Olsen, N. L., Markussen, B. and Raket, L. L. (2018). Simultaneous inference for misaligned multivariate func-
tional data. Journal of the Royal Statistical Society Series C 67, 1147-1176. MR3873704 https://doi.org/10.
1111/rssc.12276

Preda, C. and Saporta, G. (2005). PLS regression on a stochastic process. Computational Statistics & Data Anal-
ysis 48, 149-158. MR2134488 https://doi.org/10.1016/j.csda.2003.10.003

Preda, C. and Schiltz, J. (2011). Functional PLS regression with functional response: The basis expansion ap-
proach. In Proceedings of the 14th Applied Stochastic Models and Data Analysis Conference 1126—1133.
Universita di Roma La Spienza.

Ramsay, J. O. and Dalzell, C. J. (1991). Some tools for functional data analysis. Journal of the Royal Statistical
Society, Series B 53, 539-572. MR1125714

Ramsay, J. O., Graves, S. and Hooker, G. (2020). fda: Functional data analysis. R package version 5.1.9.
MR3645102 https://doi.org/10.1007/978-1-4939-7190-9

Ramsay, J. O. and Silverman, B. W. (2002). Applied Functional Data Analysis. New York: Springer. MR1910407
https://doi.org/10.1007/b98886

Ramsay, J. O. and Silverman, B. W. (2006). Functional Data Analysis. New York: Springer. MR2168993

Raiia, P., Aneiros, G. and Vilar, J. M. (2015). Detection of outliers in functional time series. EnvironMetrics 26,
178-191. MR3335660 https://doi.org/10.1002/env.2327

Rao, B. L. S. P. (2010). Nonparametric density estimation for functional data by delta sequences. Brazilian Journal
of Probability and Statistics 24, 468-478. MR2719697 https://doi.org/10.1214/09-BJPS104

Reiss, P. T. and Odgen, R. T. (2007). Functional principal component regression and functional partial least
squares. Journal of the American Statistical Association 102, 984-996. MR2411660 https://doi.org/10.1198/
016214507000000527

Serrneels, S., Croux, C., Filzmoser, P. and Espen, P. J. V. (2005). Partial robust M-regression. Chemometrics and
Intelligent Laboratory Systems 79, 55-64.

Shin, H. and Lee, S. (2016). An RKHS approach to robust functional linear regression. Statistica Sinica 26, 255—
272. MR3468352

Tucker, R. S. (1938). The reasons for price rigidity. The American Economic Review 28, 41-54.

Wakelinc, I. N. and Macfie, H. J. H. (1992). A robust PLS procedure. Journal of Chemometrics 6, 189—198.

Wang, W. (2014). Linear mixed function-on-function regression models. Biometrics 70, 794-801. MR3295740
https://doi.org/10.1111/biom.12207

Wilcox, R. (2012). Introduction to Robust Estimation and Hypothesis Testing. Waltham, MA: Elsevier.
MR3286430 https://doi.org/10.1016/B978-0-12-386983-8.00001-9

Wold, H. (1974). Causal flows with latent variables: Partings of the ways in the light of NIPALS modelling.
European Economic Review 5, 67-86.

Yamanishi, Y. and Tanaka, Y. (2003). Geographically weighted functional multiple regression analysis: A nu-
merical investigation. Journal of the Japanese Society of Computational Statistics 15, 307-317. MR2027947
https://doi.org/10.5183/jjscs1988.15.2\protect\T 1\textunderscore307

Yao, E, Miiller, H.-G. and Wang, J.-L. (2005). Functional linear regression analysis for longitudinal data. The
Annals of Statistics 33, 2873-2903. MR2253106 https://doi.org/10.1214/009053605000000660

Younse, A. (2020). Nonparametric discrimination of areal functional data. Brazilian Journal of Probability and
Statistics 34, 112—-126. MR4058973 https://doi.org/10.1214/18-BJPS418

Zhang, J., Zhou, Y., Cui, X. and Xu, W. (2018). Semiparametric quantile estimation for varying coefficient
partially linear measurement errors models. Brazilian Journal of Probability and Statistics 32, 616—656.
MR3812385 https://doi.org/10.1214/17-BIPS357


http://www.ams.org/mathscinet-getitem?mr=3873704
https://doi.org/10.1111/rssc.12276
http://www.ams.org/mathscinet-getitem?mr=2134488
https://doi.org/10.1016/j.csda.2003.10.003
http://www.ams.org/mathscinet-getitem?mr=1125714
http://www.ams.org/mathscinet-getitem?mr=3645102
https://doi.org/10.1007/978-1-4939-7190-9
http://www.ams.org/mathscinet-getitem?mr=1910407
https://doi.org/10.1007/b98886
http://www.ams.org/mathscinet-getitem?mr=2168993
http://www.ams.org/mathscinet-getitem?mr=3335660
https://doi.org/10.1002/env.2327
http://www.ams.org/mathscinet-getitem?mr=2719697
https://doi.org/10.1214/09-BJPS104
http://www.ams.org/mathscinet-getitem?mr=2411660
https://doi.org/10.1198/016214507000000527
http://www.ams.org/mathscinet-getitem?mr=3468352
http://www.ams.org/mathscinet-getitem?mr=3295740
https://doi.org/10.1111/biom.12207
http://www.ams.org/mathscinet-getitem?mr=3286430
https://doi.org/10.1016/B978-0-12-386983-8.00001-9
http://www.ams.org/mathscinet-getitem?mr=2027947
https://doi.org/10.5183/jjscs1988.15.2protect T1	extunderscore 307
http://www.ams.org/mathscinet-getitem?mr=2253106
https://doi.org/10.1214/009053605000000660
http://www.ams.org/mathscinet-getitem?mr=4058973
https://doi.org/10.1214/18-BJPS418
http://www.ams.org/mathscinet-getitem?mr=3812385
https://doi.org/10.1214/17-BJPS357
https://doi.org/10.1111/rssc.12276
https://doi.org/10.1198/016214507000000527

Brazilian Journal of Probability and Statistics
2022, Vol. 36, No. 2, 220-242
https://doi.org/10.1214/21-BJPS524

© Brazilian Statistical Association, 2022

Exponential squared loss based robust variable selection of AR
models
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Abstract. Time series analysis is widely used in the fields of economics,
ecology and medicine. Robust variable selection procedures through penal-
ized regression have been gaining increased attention. In our work, a robust
penalized regression estimator based on exponential squared loss for autore-
gressive (AR) models is proposed and discussed. The objective model with
adaptive Lasso penalty realizes variable selection and parameter estimation
simultaneously. Under some regular conditions, we establish the asymptotic
and “Oracle” properties of the proposed estimator. In particular, the induced
non-convex and non-differentiable mathematical programming problem of-
fers challenges for solving algorithms. To solve this problem efficiently, we
specially design a block coordinate descent (BCD) algorithm equipped with
concave-convex process (CCCP) and provide a convergence guarantee. Nu-
merical simulation studies are carried out to show that the proposed method is
particularly robust and applicable compared with some recent methods when
there are different types of noise or different intensity of noise. Furthermore,
an application on a dataset of daily minimum temperature in Melbourne over
1981-1990 is performed.
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Abstract. Scalar-on-function regression allows for a scalar response to be
dependent on functional predictors; however, not much work has been done
when interaction effects between the functional predictors are included. In
this paper, we introduce a multiple functional linear regression model with
interaction terms. Meanwhile, we enforce the hierarchical structure constraint
on the model, that is, interaction terms can be selected into the model only if
the associated main effects are in the model. Based on the functional principal
component analysis and group smoothly clipped absolute deviation (SCAD)
penalty, we propose a new penalized estimation procedure to select the im-
portant functional predictors and interactions while automatically obeying
the hierarchical structure. With appropriate selection of the tuning parame-
ters, the rates of convergence of the proposed estimators and the consistency
of the model selection procedure are established under some regularity con-
ditions. At last, we illustrate the finite sample performance of our proposed
methods with some simulation studies and a real data application.
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Abstract. Identifying key nodes, estimating the probability of connection
between them, and distinguishing latent groups are some of the main objec-
tives of social network analysis. In this paper, we propose a class of block-
models to model stochastic equivalence and visualize groups in an unobserv-
able space. In this setting, the proposed method is based on two approaches:
latent distances and latent dissimilarities at the group level. The projection
proposed in the paper is performed without needing to project individuals,
unlike the main approaches in the literature. Our approach can be used in
undirected or directed graphs and is flexible enough to cluster and quantify
between and within-group tie probabilities in social networks. The effective-
ness of the methodology in representing groups in latent spaces was analyzed
under artificial datasets and in two case studies.
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Abstract. The presence of multicollinearity adversely affects the inferential
properties of the maximum likelihood (ML) estimator in logistic regression
model. It is a well-established fact that the use of restrictions lowers the ef-
fect of multicollinearity. In this article, an alternative to the ML estimator
has been introduced by combining the exact prior information into the logis-
tic r — k class (Lrk) estimator. The estimator is named a logistic restricted
r — k class estimator. Another estimator, logistic restricted PCR estimator,
is also developed as a special case of the LRrk estimator. The asymptotic
mean squared error (MSE) matrix properties of the estimators are studied
and necessary and sufficient conditions are derived. Further, a Monte Carlo
simulation study is performed to compare the performance of the estimators
in terms of the scalar MSE and the prediction MSE. It is found that the pro-
posed estimators perform better than the existing estimators in most of the
cases considered. Moreover, a numerical example has also been presented for
comparing the performance of the estimators.
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Abstract. We provide a generalization of Theorem 1 in Bartkiewicz et al.
(2011) in the sense that we give sufficient conditions for weak convergence
of finite dimensional distributions of the partial sum processes of a strongly
stationary sequence to the corresponding finite dimensional distributions of
a non-Gaussian stable process instead of weak convergence of the partial
sums themselves to a non-Gaussian stable distribution. As an application, we
describe the asymptotic behaviour of finite dimensional distributions of ag-
gregation of independent copies of a strongly stationary subcritical Galton—
Watson branching process with regularly varying immigration having index
in (0, 1) U (1,4/3) in a so-called iterated case, namely when first taking the
limit as the time scale and then the number of copies tend to infinity.
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Abstract. In this paper, we mainly focus on the sums of non-negative
integer-valued 1-dependent random variables and its approximation to the
power series distribution. We first discuss some relevant results for power se-
ries distribution such as the Stein operator, uniform and non-uniform bounds
on the solution of the Stein equation. Using Stein’s method, we obtain er-
ror bounds for the approximation problem considered. The obtained results
can also be applied to the sums of m-dependent random variables via appro-
priate rearrangements of random variables. As special cases, we discuss two
applications, namely, 2-runs and (kp, k»)-runs, and compare our bounds with
existing bounds.
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Abstract. In this paper, we mainly study the consistency of the nearest
neighbor estimator of the density function based on m-extended negatively
dependent samples. The weak consistency, strong consistency, uniformly
strong consistency and the convergence rate are established under some mild
conditions. The results obtained in this paper extend and improve some exist-
ing ones in the literature.
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Abstract. We establish some limit theorems for quasi-arithmetic means of
random variables. This class of means contains the arithmetic, geometric and
harmonic means. Our feature is that the generators of quasi-arithmetic means
are allowed to be complex-valued, which makes considerations for quasi-
arithmetic means of random variables which could take negative values pos-
sible. Our motivation for the limit theorems is finding simple estimators of
the parameters of the Cauchy distribution. By applying the limit theorems,
we obtain some closed-form unbiased strongly-consistent estimators for the
joint of the location and scale parameters of the Cauchy distribution, which
are easy to compute and analyze.
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Abstract. One of the most important assumptions in multiple regression
analysis is the independence of the explanatory variables, however, this as-
sumption is violated in several situations. In this work, we investigate regres-
sion equations when this independence does not hold and the explanatory
variables are connected by many of elliptical copulas. We apply the proposed
regression equation to study its heteroscedasticity diagnostic and using simu-
lated data we also assess our regression model. A cross-validation procedure
is carried out to ensure the unbiasedness of the results. Also, a real data anal-
ysis is presented as an application.
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