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1  Description
masal provides an R interface to the MASAL (Multivariate Adaptive Splines for Analysis of Longitudinal data) algorithm, originally implemented in C++ by Heping Zhang (2001). The package exposes the full C++ engine via Rcpp and wraps it in a standard formula-based R interface.
MASAL fits flexible nonparametric regression models to longitudinal or cross-sectional data. The mean function is expanded in an adaptive basis of truncated linear spline products, selected by a greedy forward inclusion step and pruned by GCV-based backward deletion. For longitudinal data, the within-subject covariance matrix is modelled as a polynomial function of time and estimated jointly with the mean function via Powell-method maximum likelihood.

2  Installation
The package is distributed as a source tarball and must be compiled from source. The following prerequisites are required:
1. R ≥ 3.5.0
1. Rcpp ≥ 1.0.0  (install.packages("Rcpp"))
1. A C++14-capable compiler:
2. Linux — gcc/g++ via build-essential
2. macOS — Xcode Command Line Tools + gfortran
2. Windows — Rtools44 (https://cran.r-project.org/bin/windows/Rtools/)
After satisfying the prerequisites:
install.packages("rmasal_0.1.0.tar.gz", repos = NULL, type = "source")

3  Quick Start
library(masal)

# Simulate a longitudinal dataset
df <- simulate_masal_data(n_sub = 40, seed = 42)

# Fit a MASAL model
fit <- masal(y ~ x1 + time, data = df,
             id_var = "id", time_var = "time",
             max_terms = 10, max_interactions = 2,
             cov_terms = c(1, 0, 0), n_iter = 2)

# Inspect and plot
print(fit)
summary(fit)
plot(fit)

4  Function Reference
4.1  masal()
Fits a MASAL model.
Usage
masal(formula, data,
      id_var           = "id",
      time_var         = "time",
      max_terms        = 10L,
      max_interactions = 2L,
      cov_terms        = c(1L, 0L, 0L),
      forced_vars      = NULL,
      n_iter           = NULL,
      verbose          = TRUE)
Arguments
	Argument
	Description

	formula
	Formula of the form response ~ covariates. The variable named by time_var must appear on the right-hand side.

	data
	Data frame containing all variables in formula plus the subject ID column.

	id_var
	Character. Name of the subject identifier column. Default: "id".

	time_var
	Character. Name of the time column. Default: "time".

	max_terms
	Integer. Maximum number of adaptive basis terms (MAXTERMN). Larger values allow more complex fits but increase computation. Default: 10.

	max_interactions
	Integer. Maximum number of covariates that may interact within a single basis term (MAXTERM). Default: 2.

	cov_terms
	Integer vector of length 3: c(const, linear, quadratic). Controls which time-polynomial terms appear in the within-subject covariance model. Each element is 0 (exclude) or 1 (include). Ignored in regression mode. Default: c(1, 0, 0).

	forced_vars
	Integer vector of covariate positions (1-based) to force into the model regardless of GCV. Default: NULL (no forced terms).

	n_iter
	Integer. Number of EM-like iterations. 1 = independence / regression; 2 = one pass of covariance estimation (recommended for longitudinal). Auto-set to 1 when all subjects have a single observation.

	verbose
	Logical. If FALSE, suppress C++ progress messages. Default: TRUE.


Value
An object of class "masal" containing:
	Component
	Description

	n_terms
	Integer. Number of terms in the final (backward-selected) model.

	term_idx
	Integer vector. Indices of the retained basis terms (1-based, in forward-step numbering).

	beta
	Named numeric vector of model coefficients.

	se
	Standard errors for beta.

	residuals
	Final residuals, back-transformed to the original response scale.

	fitted
	Fitted values (response minus residuals).

	sigma
	Numeric vector of length 4: estimated variance components (σ², σ²_u, σ²_v, σ²_w).

	gcv
	Final GCV score of the selected model.

	n_sub
	Number of subjects.

	nT
	Total number of observations.

	data
	The processed data frame used for fitting (sorted by subject then time).

	regression
	Logical. TRUE if all subjects have a single observation (pure regression mode).



4.2  S3 Methods
print.masal(x, ...)
Prints a compact model summary: mode, number of subjects and observations, final term count, GCV, coefficient table (estimate, SE, t-value), and variance components for longitudinal fits.
summary.masal(object, ...)
Returns (and prints) an extended summary including RSS, RMSE, R², and a variance component table.
plot.masal(x, which = 1:4, ...)
Produces a 2×2 diagnostic panel:
1. Plot 1 — Residuals vs Fitted (with loess smooth)
1. Plot 2 — Normal Q-Q plot of residuals
1. Plot 3 — Scale-Location (√|standardised residuals| vs fitted)
1. Plot 4 — Residuals vs Time
The which argument selects a subset, e.g. plot(fit, which = c(1, 2)).
4.3  Utility Functions
simulate_masal_data()
simulate_masal_data(n_sub = 30, max_obs = 5, knot1 = 2,
                    knot2 = 4, sigma_e = 0.4, sigma_u = 0.5, seed = 123)
Simulates an unbalanced longitudinal dataset with a nonlinear mean function based on two truncated linear spline knots. Returns a data frame with columns id, time, x1, y. Useful for testing and reproducible examples.
prepare_masal_data()
prepare_masal_data(data, response, covariates, id_var = "id", time_var = "time")
Validates a data frame, removes rows with missing values, and sorts by subject then time. Returns the cleaned data frame with an ntime attribute giving observations per subject.
masal_predict()
masal_predict(object, newdata = NULL, type = "response", ...)
Returns fitted values from the training data. Prediction to new subjects is not yet implemented.
is_regression_mode()
is_regression_mode(data, id_var = "id")
Returns TRUE if all subjects have exactly one observation (i.e., the data are cross-sectional rather than longitudinal).

5  Covariance Model
For longitudinal data, the within-subject covariance between observations at times t and s is:
Cov(yt, ys)  =  σ²·𝟙(t = s)  +  σ²_u [const]  +  σ²_v·√(ts) [linear]  +  σ²_w·ts [quadratic]
Each term is included only when the corresponding element of cov_terms is 1. The variance components are estimated jointly with the mean function parameters by Powell-method maximum likelihood.
For pure regression data (all ntime[i] = 1), the covariance model is bypassed and independence is assumed (n_iter = 1).

6  Algorithm Overview
MASAL proceeds in the following steps:
1. Initialisation — fit a weighted intercept and compute the initial residual sum of squares (RSS).
1. Forward step — iteratively add basis functions of the form B(x) = ∏ⱼ hⱼ(xⱼ), where each factor hⱼ is either a linear term xⱼ or a truncated linear spline (xⱼ − κ)₊. At each step the variable and knot that maximally reduce the GCV-penalised RSS are selected.
1. Backward step — starting from the full forward model, terms are deleted one at a time in order of least contribution until GCV stops improving. The coefficient vector is re-estimated by weighted least squares at each deletion step.
1. Covariance estimation (longitudinal only) — after backward selection the residuals are used to update the variance-component estimates via Powell's method applied to the negative restricted log-likelihood. The updated covariance matrix is used in the next iteration.
1. EM iteration — steps 2–4 are repeated for n_iter cycles (typically 2 for longitudinal data).
Model complexity is controlled by max_terms (maximum basis size before backward deletion) and max_interactions (maximum interaction order per term). The GCV penalty used here is GCV(λ) = RSS / (1 − (1 + 5(λ−1))/n)², where λ is the number of terms.
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