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ols Ordinary least squares (and heteroskedastic-robust SEs)

Description

Ordinary least squares (and heteroskedastic-robust SEs)

Usage

ols(Y, X, se = TRUE)

Arguments
Y numeric response
X numeric design matrix
se logical; return SEs?
Value

list(coef, vcov, sXX) or list(coef, sXX)

ols_bca Additive bias-corrected OLS estimator

Description
Computes the additive bias correction (BCA) for an OLS regression when the primary regressor is
measured by an ML/AI method.

Usage

ols_bca(Y, Xhat, fpr, m, intercept = TRUE)

Arguments
Y Numeric vector of responses.
Xhat Numeric matrix of regressors excluding the intercept. The first column must be
the ML-generated variable to correct.
fpr Numeric. Estimated false-positive rate of the generated regressor.
m Integer. Size of the validation (labeled) sample used to estimate fpr.

intercept Logical; if TRUE, an intercept column of 1’s is prepended.
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Value
An object of class mlbc_fit and subclass mlbc_bca, a list with elements

 coef: Numeric vector of bias-corrected coefficients (intercept first, if requested).

e vcov: Variance—covariance matrix of those coefficients.

References

Battaglia, Christensen, Hansen, and Sacher (2025). "Inference for Regression with Variables Gen-
erated by Al or Machine Learning".

See Also

ols_bcm for the multiplicative correction.

Examples

# unlabeled:

Nunl <- le4

Xtrue_unl <- rbinom(Nunl, 1, 0.2)

Xhat_unl <- ifelse(runif(Nunl) < 0.1, 1, Xtrue_unl)
Y_unl <- 5+ 2 % Xtrue_unl + rnorm(Nunl)

# small labeled sample to get fpr:

nval <- 100

Xtrue_val <- rbinom(nval, 1, 0.2)

Xhat_val <- ifelse(runif(nval) < 0.1, 1, Xtrue_val)
Y_val <- 5+ 2 * Xtrue_val + rnorm(nval)

fpr_hat <- mean(Xhat_val == 1 & Xtrue_val == 0)

# now do additive correction, with intercept
fit_bca <- ols_bca(

Y = Y_unl,

Xhat = matrix(Xhat_unl, ncol = 1, dimnames = list(NULL, "Xhat")),
fpr = fpr_hat,

m = nval,

intercept= TRUE

)
print(fit_bca)

ols_bcm Multiplicative bias-corrected OLS estimator

Description

Computes the multiplicative bias correction (BCM) for an OLS regression when the primary re-
gressor is measured by an ML/AI method.
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Usage

ols_bcm(Y, Xhat, fpr, m, intercept = TRUE)

Arguments

Y Numeric vector (or one-column matrix) of responses.

Xhat Numeric matrix of regressors; the first column must be the ML-generated re-
gressor whose bias we’re correcting, and remaining columns are any additional
“true” controls.

fpr Numeric scalar. Estimated false-positive rate of the generated regressor (propor-
tion of ML positives that are actually negatives).

m Integer. Size of the validation/labeled subsample used to estimate fpr — i.e.\
the number of observations where you observe both the ML prediction (Xhat)
and the true regressor.

intercept logical, TRUE by default.

Value

An object of class mlbc_fit (and subclass mlbc_bcm) with two components:

» coef: Numeric vector of bias-corrected regression coefficients.

e vcov: Variance-covariance matrix for those coefficients.

References
Battaglia, Christensen, Hansen, and Sacher (2025). "Inference for Regression with Variables Gen-
erated by Al or Machine Learning".

See Also

ols_bca for the additive correction.

Examples

# generate data

Nunl <- 10000

Xtrue_unl<- rbinom(Nunl, 1, 0.2)

Xhat_unl <- ifelse(runif(Nunl) < @.1, 1, Xtrue_unl)

Y_unl <- 5 + 2*Xtrue_unl + rnorm(Nunl)
#testimate the false-positive rate
nval <- 100

Xtrue_val<- rbinom(nval, 1, 0.2)
Xhat_val <- ifelse(runif(nval) < 0.1, 1, Xtrue_val)
Y_val <- 5 + 2*Xtrue_val + rnorm(nval)
fpr_hat <- mean(Xhat_val==1 & Xtrue_val==0)
fit_bcm <- ols_bcm(Y_unl,
Xhat = matrix(Xhat_unl, ncol=1),
fpr = fpr_hat,
m = nval,
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summary (fit_bcm)

intercept = TRUE)

one_step

One-step estimator for unlabeled data (multi-dist)

Description

Fits the one-step estimator by maximizing the unlabeled likelihood via TMB, automatically differ-
entiating the objective, gradient, and Hessian.

Usage
one_step(
Y,
Xhat,
homoskedastic = FALSE,
distribution = c("normal”, "t", "laplace”, "gamma"”, "beta"),
nu = 4,
gshape = 2,
gscale = 1,
ba = 2,
bb = 2,
intercept = TRUE
)
Arguments
Y Numeric response vector.
Xhat Numeric matrix of regressors excluding the intercept. The first column must be
the ML-generated regressor to correct.
homoskedastic Logical; if TRUE, assume a single error variance.
distribution Character: one of "normal”, "t", "laplace”, "gamma”, or "beta". Specifies
which conditional density to use for residuals in the likelihood estimation.
nu Numeric; degrees of freedom (only used if distribution = "t").

gshape, gscale
ba, bb

intercept

Value

Numeric; shape & scale for Gamma (only if distribution = "gamma").
Numeric; alpha & beta for Beta (only if distribution = "beta”).

Logical; if TRUE, an intercept column of 1’s is prepended.

An object of class mlbc_fit and subclass mlbc_onestep with:

» coef: Named numeric vector of estimated coefficients.

e cov : Variance—covariance matrix.
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References

Battaglia, Christensen, Hansen, and Sacher (2025). "Inference for Regression with Variables Gen-
erated by Al or Machine Learning".

Examples

set.seed(2025)

# 1) Simulate “unlabeled” data

n <- 200

p <- 0.3

Xtrue <- rbinom(n, 1, p)

# ML regressor with 10% false positives

Xhat <- ifelse(runif(n) < @0.10, 1 - Xtrue, Xtrue)
Y <- 1 + 2 * Xtrue + rnorm(n)

# 2) Small validation set to estimate fpr

m <- 50

Xval_t <= rbinom(m, 1, p)

Xval_h  <- ifelse(runif(m) < 0.10, 1 - Xval_t, Xval_t)
fpr_hat <- mean(Xval_h == 1 & Xval_t == 0)

# 3) One-step TMB estimator (Normal), with intercept
fit <- one_step(

Y =y,
Xhat = matrix(Xhat, ncol = 1, dimnames = list(NULL, "Xhat")),
homoskedastic = FALSE,
distribution = "normal”,
intercept = TRUE
)

print(fit)
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