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Abstract6

Measurement error is widespread in modern data pipelines, but its influence on predictive modeling7

and variable importance assessments in machine learning is often underestimated. Our study examines8

how input measurement error affects both prediction accuracy and interpretability across four common9

additive error types: classical error, misclassification of predictive features, Berkson error, caused by10

algorithmic or model-based assignment errors, and group-summary (aggregation) assignment errors. Using11

controlled Monte Carlo simulation experiments that cover regression and classification, we evaluate five12

popular machine learning models: generalized linear models, support vector machines, random forests,13

XGBoost, and multilayer perceptrons, across various error levels. To distinguish the effect of the error from14

optimization issues, hyperparameters are tuned separately for each dataset, and performance is measured15

using standard predictive metrics and permutation feature importance. Results show that measurement16

error generally reduces predictive performance and can significantly alter the ranking and estimated17

contribution of highly predictive features, with different degradation patterns depending on the error type18

and model. These findings clarify when performance declines might be mistaken for distributional shifts,19

among other things, and highlight the importance of diagnosing and correcting measurement error before20

drawing conclusions about model robustness, generalization, or variable relevance.21

Keywords: Classical Measurement Error, Berkson Error, Misclassifications, Group-summary Assignment, Machine22

Learning, Monte Carlo Experiments, Statistical Analyses23

1 Introduction24

Measurement errors (ME) are known to cause bias in statistical risk estimates and reduce statistical power. For25

example, classical measurement error attenuates coefficient estimates in multiple linear regression. Berkson26

error has a similar impact in logistic regression. Furthermore, errors such as misclassification and group-27

based assignment, a type of Berkson error, can also introduce bias in risk estimates. These effects are well28

documented in the statistical literature; see, for instance, Buonaccorsi (2010); Fuller (2009); Grace et al.29

(2021); Keogh et al. (2020).30

Measurements taken with uncalibrated instruments are prone to classical errors and misclassification. Often,31

self-reporting is influenced by recall bias, which contributes to these measurement errors. Although mislabeling32

in responses has been widely examined in machine learning, there is a significant gap in understanding how33

measurement errors, especially classical and Berkson errors, in input features affect machine learning.34

In modern data analysis, many statistical and machine-learning workflows involve predictors that are not35

directly observed. Often, features are estimated from upstream models, combined across spatial, temporal, or36
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group levels, or derived from proxies due to limited data access. This leads to the Berkson error and group37

summary assignment. Berkson error can arise when a feature is generated by a deterministic function or38

algorithm applied to covariates, leading to identical feature values for individuals with the same covariate39

profile. The real feature values, however, fluctuate around these assigned values. This structure is frequently40

used in practice, for example, when spatial exposure models (such as kriging of air pollution) generate a41

single exposure estimate for an entire ZIP code, which is then assigned to all residents in that area.42

Most current research in machine learning emphasizes noise in the response variable, such as mislabeled43

outcomes, rather than systematic errors in covariates (see, e.g., Frenay and Verleysen (2014); Natarajan et al.44

(2013); Patrini et al. (2017)). Feature-level measurement error fundamentally differs from label noise because45

it corrupts the information available to the learning algorithm itself, rather than the supervision signal.46

Consequently, insights from the label-noise literature do not directly apply to situations where predictors are47

measured with error Carroll et al. (2006); Fuller (2009).48

Measurement errors are prevalent in real-world datasets, yet systematic evaluations across various ML49

methods remain scarce. A few recent studies have explored the effect of feature measurement errors on50

machine learning models. For instance, Jiang et al. (2021) shows that misclassifying categorical predictors51

can significantly affect both predictive accuracy and variable importance in random forests, and suggests that52

quantitative bias analysis can help mitigate these effects. However, these studies usually focus on a single53

algorithm or error type and lack a comprehensive comparison across various models, error mechanisms, and54

prediction tasks.55

In statistics, adjustment methods for measurement error depend on the type of measurement error and56

vary with the statistical model. The literature offers many techniques to correct for classical measurement57

error, such as regression calibration Luan et al. (2023), Simulation–Extrapolation (SIMEX) Fung and Krewski58

(1999), likelihood-based methods Keogh and Bartlett (2021); Shaw et al. (2020), and Hierarchical Bayesian59

approaches Bartlett and Keogh (2018); Gray (2018); Shaw et al. (2020). Fewer options are available for other60

ME types, like Hierarchical Bayesian techniques and likelihood-based methods for misclassifications Shaw61

et al. (2020), likelihood-based methods Oraby et al. (2018, 2023), and Hierarchical Bayesian techniques Shaw62

et al. (2020) for Berkson error and group summaries assignments, see also Kremers (2021). These methods63

are generally incompatible with machine learning because they rely on likelihood or on specific data models,64

do not scale well to high-dimensional data, and are consequently often ignored in practice. Additionally, many65

of these methods depend on strong parametric assumptions or validation data, which are seldom available in66

contemporary applied machine learning workflows involving complex, high-dimensional predictors.67

Moreover, interpretability has become a key focus in applied machine learning. Measures of feature68

importance, like permutation importance, are commonly used to explain model behavior, inform scientific69

conclusions, and aid decision-making Breiman (2001); Fisher et al. (2019); Molnar (2022). Nevertheless, little70

is known about how measurement error in input features biases these importance metrics, even when models71

are optimized for best predictive accuracy. One can contrast this with the known effects of attenuation72

towards zero for classical and Berkson errors in generalized linear models (GLMs). Therefore, understanding73

how various error mechanisms affect both accuracy and interpretability is crucial for the responsible use of74

machine learning on error-prone data.75

This paper investigates how four types of feature measurement errors, classical, Berkson, misclassification,76

and group summary assignment errors, impact five widely used machine learning methods: multiple linear and77

logistic regression, random forests, support vector machines, XGBoost, and neural networks for regression and78

classification. We focus on non-differential measurement errors in the features that do not depend statistically79

on the response. All the ML models are tuned with hyperparameters to achieve optimal performance.80

Researchers often ignore these errors, assuming that large datasets can offset their effects. We conducted81

four Monte Carlo experiments using a four-factor design to assess how measurement error magnitude affects82

model performance and dataset sizes across the five ML approaches.83

In particular, we use a four-factor 3 × 2 × 3 × 5 factorial design to assess how error magnitude, signal84

structure, sample size, and method choice interact to affect model performance and feature importance. For85

each ML problem type and measurement error category, we conduct both descriptive and inferential statistical86

analyses of the Monte Carlo factorial design simulation results. Since simulations can be time-consuming, we87

2



also conducted a post hoc power analysis based on the number of Monte Carlo replications used.88

The remainder of the paper is organized as follows. We first describe the simulation framework and89

evaluation metrics used to assess how ME affects ML predictive accuracy and feature importance. The results90

are divided into regression and classification tasks. Each section contains descriptive and inferential analyses,91

grouped by measurement error type. The discussion and conclusion follow the results, where we summarize92

and emphasize the main findings of our study and recommend future research directions.93

2 Methods94

In this section, we describe methods to test the impact of different types of measurement errors on machine95

learning performance. This study used simulated data to examine the effects of classical error (CE),96

misclassification (MsC), Berkson error (BE), and group-summary assignment (GSA) on both regression and97

classification tasks in machine learning (ML). We explored the effects of those measurement errors at two98

levels (σ = 0.5, 0.75) and two levels (q = 0.1, 0.3), each using five commonly used ML methods for regression99

and classification. Additionally, we employed relevant performance measurement techniques. The results will100

clearly show how the effects can be extrapolated and interpolated across different levels of σ and q.101

2.1 Machine Learning Methods102

For regression problems, we examine the effect of CE, MsC, BE, and GSA on the performance of multiple103

linear regression (MLR), support vector regression (SVR), random forest regression (RF-R), gradient boosting104

regression (XGBoost-R), and multi-layer perceptron regression (MLP-R). Model performance is evaluated105

using the coefficient of determination (R2) and the Loss function, the mean squared error (MSE).106

For classification problems, we examined the impact of CE, MsC, BE, and GSA on the performance of107

logistic regression (LogR), support vector machine (SVM), random forest classifier (RF-C), gradient-boosting108

classifier (XGBoost-C), and multilayer perceptron classifier (MLP-C). We evaluated their performance using109

Accuracy and F1-score. We calibrated the hyperparameters of each ML method at each dataset. See Tables110

S1 and S2 for the list of hyperparameters and the ranges of values we considered. We also studied the effects111

of CE, MsC, BE, and GSA on feature permutation importance relative to the NE feature.112

2.2 Monte Carlo Simulation Experiments113

We conducted a Monte Carlo simulation experiment (MCE) to evaluate the effects of classical error (CE),114

misclassification (MsC), Berkson error (BE), and group-summary assignment (GSA) relative to no-error (NE)115

on various machine learning methods. In the MCE, we used three simulated features. Two of these features116

were used to generate the response, whereas the third is non-predictive. During ML training, one of the first117

two variables was replaced with its error-affected version. We assessed the performance of the ML methods118

on both the data with the original three features and the data affected by errors. In each case, we tuned the119

hyperparameters to achieve optimal performance.120

We used three data sizes, n ∈ {2000, 3000, 4000}, in the MCEs. We performed three MCEs for each type121

of error. In each one, we generated two variables Z1 and Z2 independently using a Normal(0, 1) probability122

distribution. In all MCEs, we assume that Z2 is not a predictive feature; thus, we do not use it in the123

calculation of the response Y .124

In the first MC experiment, we generated the classical error, which is randomly scattered around the125

actual measurements using an additive classical error model.126

Experiment 1: (CE)127

We generated an error-free feature X independently of Z1 and Z2 using a Normal(0, 1) probability distribution.
We then generated the classical error-burdened feature W using

Wi = Xi + ϵi
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such that ϵi ∼ N(0, σ), independent of X, for i = 1, 2, . . . , n. We examine the effect of σ = 0.5 and 0.75 on128

the performance of ML methods. Notice that the level σ = 0 is equivalent to using the error-free feature X.129

In the second MC experiment, we studied how different levels of misclassification in a categorical feature130

affect the predictive performance of machine learning methods.131

Experiment 2: (MsC)132

We generate an error-free feature X independently of Z1 and Z2 using a Bernoulli(0.5) probability distribution,
representing a binary feature. We then generate a misclassification feature W using

Wi = (1− δi)Xi + δi(1−Xi)

where δi ∼ Bernoulli(q), independent of X, for i = 1, 2, . . . , n. We examine the effect of q = 0.1 and 0.3 on133

the performance of ML methods. Note that the level q = 0 corresponds to using the misclassification-free134

feature X.135

In the third MC experiment, we investigated the effect of Berkson error (BE) on the predictive performance136

of machine learning methods. In the BE model, the actual measurements are randomly distributed around137

the Berkson-error-affected measurements. We use a normal distribution to model the additive Berkson error.138

Experiment 3: (BE)139

We generate the underlying Berkson error burdened feature W independently of Z1 and Z2 using a Normal(0, 1)
probability distribution. We then generate the actual feature X using

Xi = Wi + ϵi

such that ϵi ∼ N(0, σ), independent of W , for i = 1, 2, . . . , n. We examine the effect of σ = 0.5 and 0.75 on140

the performance of ML methods. Notice that the level σ = 0 is equivalent to using the error-free feature X.141

We also conduct an additional MCE on the Berkson error using group-summary assignments (GSA). We142

mainly choose the mean as the summary statistic. (In the simulation study, it is also the median and the mode143

since we use a normal distribution for generating the actual measurement around the summary statistic.)144

We assume that units belong to g distinct groups. Each group has a mean value µk, for k = 1, 2, . . . , g. The145

values of actual exposures are randomly scattered around the groups’ means µk. We examine the effect of146

using the group-summary assignment for training ML methods.147

Experiment 4: (GSA)148

We generate mean values µk for k = 1, 2, . . . , g using a Normal(0, 1) probability distribution. (We choose149

g = 5.) Then we do group assignments to the error burdened feature W by setting Wi = µG where150

G ∼ Discrete Uniform(1, 2, . . . , g), for i = 1, 2, . . . , n. We independently generate Z1 and Z2 using a151

Normal(0, 1) probability distribution. Next, we generate the actual feature X using152

Xi = Wi + ϵi

such that ϵi ∼ N(0, σ), independent of W , for i = 1, 2, . . . , n. We examine the effect of σ = 0.5 and 0.75 on153

the performance of ML methods. Notice that the level σ = 0 is equivalent to using the error-free feature X.154

In this case, X could be seen as an ordinal variable.155

After each one of those four types of feature generation, we apply the following linear functional

L(X,Z1, Z2) = α0 + α1X + α2Z1 + α3Z2.

See Table1 for list of selected values of α0, α1, α2, and α3, called Trials, T1–T6. There are three levels of σ156

(= 0, 0.5, 0.75) and q (= 0, 0.1, 0.3).157

4



In the regression problems, we produce a continuous response Y using

Y = L(X,Z1, Z2) + ϵ

where ϵ ∼ N(0, 0.1), independent of all of the random variables mentioned above.158

In the classification problems, we produce a binary response Y by generating random binary numbers
using Bernoulli(p) probability distribution such that

logit(p) = L(X,Z1, Z2).

We compare the performance of ML methods in the four experiments to the no-error (NE) case in which159

X,Z1, Z2 are used to predict Y .160

2.3 MC Simulation Design161

Different experimental trials T1–T6 for (α0, α1, α2, α3) are given in Table 1. In each of the ML problem162

types, for all values of n ∈ {2000, 3000, 4000} and for every one of the six trials in Table 1, we replicate the163

simulations for m = 10 times, see below for the post-hoc statistical power calculation for m.164

Table 1: Input parameter values for the Monte Carlo simulation experiments.

Trial α0 α1 α2 α3

T1 0 2 1 0
T2 0 1 2 0
T3 0 2 2 0
T4 1 2 1 0
T5 1 1 2 0
T6 1 2 2 0

We use a standardization transformation to normalize the variables X, W , Z1, Z2, and Y , except when165

the variables are binary, as a usual step in most of the ML exercises. In each simulation m, we use an166

80–20 training-testing data division rule across the same subjects of X, W , Z1, and Z2, for uniformity. For167

classification, to avoid the effects of imbalanced data on the split, we stratify the split by the binary output168

Y . First, we train the ML methods on the training set X, Z1, Z2, and Y , and then evaluate predictive169

performance on the test set. Then, we repeat the same procedure using W , Z1, Z2 and Y .170

Each time we implement an ML method, we optimize its hyperparameters to ensure the best performance171

for each use case X and W across all simulated datasets. Tables S1 and S2 show the hyperparameter list,172

which includes descriptions and value ranges used during calibration. For hyperparameter tuning, we use173

the Python tree search library Optuna, running 20 trials with the median pruner for efficient sampling and174

pruning. During each ML application, we compute permutation feature importance and compare it to the175

NE’s feature importance, performing 10 permutation repetitions. To compare performance between cases176

with Error (W ) and without Error (X), we analyze the changes in predictive performance metrics.177

In the case of CE and MsC, we generate feature W from feature X at two different levels of σ or q, and178

label these as W1 and W2. For BE and GSA, we use a feature W to produce two features, X1 and X2, each179

yielding a response (Y1, Y2). We then predict each response in separate runs using the same W , denoted W1180

and W2 for simplicity, although they are identical.181

To quantify changes in performance due to measurement error, we use the difference of the performance
metric M . In the following, M(X) denotes the performance measure when using X, Z1, and Z2 to predict Y ,
and so on. For single-baseline settings (CE, MsC),

∆M(Wk;X) = M(Wk)−M(X), k = 1, 2.
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For the two-baseline settings (BE, GSA),

∆M(Wk;Xk) = M(Wk)−M(Xk), k = 1, 2.

For instance, a negative ∆R2 (or positive ∆MSE) indicates degraded performance under measurement error.182

Statistical Design of Experiment and Analysis183

Statistical Inference. We examined the impact of measurement error using a four-factor design with184

a 3 × 2 × 3 × 5 factorial structure. The factors included sample size n (3 levels), intercept α0 (2 levels),185

coefficients αi (3 levels), and machine learning methods (5). For each combination, we ran m = 10 Monte186

Carlo simulations and assessed performance under both error-free and error-prone measurement conditions.187

The Measurement factor, within-subjects, had three levels for CE and MsC (X,W1,W2) and two levels for188

BE and GSA (Xk,Wk) for each k = 1, 2. Regression outcomes included R2 and MSE, while classification189

outcomes included accuracy and F1-score.190

For inference, we fitted repeated-measures ANOVA models of the form

Outcome ∼ n× Trial×ML + Error(Subject/Measurement),

where each unique combination of sample size n ∈ {2000, 3000, 4000}, Trial (T1–T6), ML method, and191

replication defined a Subject, and Measurement was the within-subject factor. We used Type-III sums192

of squares, Greenhouse–Geisser sphericity corrections, and reported generalized eta-squared (ges) as the193

effect size. To localize within-subject effects, we calculated Estimated Marginal Means (EMMs) for each194

measurement level within each factorial cell. We tested treatment-versus-control contrasts (e.g., Wk vs. X,195

or Wk vs. Xk) with Holm adjustment for multiplicity. Exploratory visualization employed line graphs of196

within-subject trajectories (X → W1 → W2) for CE and MsC as well as (Xk → Wk for k = 1, 2) for BE and197

GSA by trial, showing replicate paths and cell means.198

Post-hoc Power Analysis. We used G*Power (Faul et al., 2007) to calculate the power of the statistical199

tests using the number of Monte Carlo replications m equals to 10 and significance level of α = 0.05 targeting200

adequate power for the Measurement main effect and key interactions.201

Software and Computing. Data generation, model fitting, and hyperparameter tuning were implemented202

in Python (Optuna (Akiba et al., 2019), scikit-learn (Pedregosa et al., 2011), multiprocessing (Foundation,203

2008)) and executed on 56 CPU cores on a single Lonestar6 node (TACC, 2021). Statistical analyses204

(repeated–measures ANOVA, EMMs, and contrasts) were performed in R using afex (Singmann et al., 2023)205

and emmeans (Lenth, 2024). Reproducible scripts are available upon request.206

3 Results207

We divide the results into regression and classification problems. For each problem type, we present a208

descriptive analysis followed by statistical inference for the four experiments.209

Recall that we quantify changes in performance due to measurement error using the difference of a210

performance measure M . For regression problems, M ∈ {R2,MSE}, whereas for classification problems211

M ∈ {Accuracy,F1 score}. A negative ∆R2, ∆Accuracy, or ∆F1 score (or a positive ∆MSE) indicates212

degraded performance under measurement error. For Classical Error (CE) and Misclassification (MsC), which213

involve a single error-free baseline X, we define ∆M(Wk;X) = M(Wk)−M(X) for k = 1, 2. For Berkson214

Error (BE) and Group-Summary Assignment (GSA), which involve two error-free baselines Xk, we define215

∆M(Wk;Xk) = M(Wk)−M(Xk) for k = 1, 2.216

6



3.1 Regression Problems217

This section presents the results of both descriptive and inferential analyses of the four MCEs for regression218

tasks. In regression problems, the performance measures M are R2, MSE, and permutation feature importance.219

3.1.1 Descriptive Analysis220

Classical Error (CE). The degradation scales with the error level, with W2 being more harmful than221

W1. We observed that increasing the sample size n primarily reduces variability between the m’s replications222

without altering the degradation patterns.223

Figure 1 illustrates dense, mainly downward trajectories within subjects from X to W1 (with σ = 0.5),224

and then to W2 (with σ = 0.75), when the sample size n reaches 4000 across all models and trials. The225

bolded mean paths indicate a monotone decreasing trend, whereas model-specific differences cause slight226

shifts in absolute levels but do not affect the overall pattern observed across repetitions. Notably, trials T1227

and T4 exhibit the largest effects, followed by T3 and T6, because X contributes twice as much to Y as in228

T2 and T5. The error-free feature Z1 contributes equally in the last two trial pairs. It appears from these229

three pairs that both error-related and error-free contributions to Y influence performance degradation. See230

Figure A.1 in the Supplementary Material for similar plots and conclusions related to the MSE.231

7



(a) MLR (b) SVR

(c) RF-R (d) XGBoost-R

(e) MLP-R

Figure 1: Line graphs of R2 for the MCE of CE with σ = 0, 0.5, 0.75 at trials T1–T6 and for (a) MLR, (b)
SVR, (c) RF-R, (d) XGBoost-R, and (e) MLP-R.

Figure 2 visualizes the permutation importance of the main predictor X, the predictive feature Z1, and the232

non-predictive feature Z2 under CE across six trials T1–T6 and five ML methods. Generally, X’s importance233
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decreases steadily as the magnitude of the classical measurement error increases, with the highest importance234

in the error-free scenario (X), followed by lower importance levels at increased error levels (W1,W2). This235

trend is consistent across different trials and models. Meanwhile, the importance of Z1 stays stable, and Z2’s236

importance remains near zero in all cases. Trials T2 and T5, where Z1 has a larger coefficient α than X,237

Z1 shows higher permutation importance than the primary predictor, even without error. The error bars238

in the Figure 2, shown as ±SD, where SD is the standard deviation, indicate high precision of the results.239

Overall, CE reduces the impact of the affected features, and the relative importance of features depends on240

the coefficient setup in each trial.241
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(a) MLR (b) SVR

(c) RF-R (d) XGBoost-R

(e) MLP-R

Figure 2: Line graphs of the mean permutation importance (±SD) for the MCE of CE with σ =
0, 0.5, 0.75 at trials T1–T6 and for (a) MLR, (b) SVR, (c) RF-R, (d) XGBoost-R, and (e) MLP-R.

Misclassification (MsC) Under misclassification, the difference ∆R2(Wk;X) = R2(Wk)−R2(X) were242

mostly negative across trials (T1–T6), models, and sample sizes, with W2 (with q = 0.30) showing larger losses243
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than W1 (with q = 0.10). Conversely, ∆MSE(Wk;X) = MSE(Wk)−MSE(X) was mainly positive and also244

increased from W1 to W2. While the magnitudes slightly varied by model, the general order W2 < W1 < X245

for R2 (and X followed by W1 then W2 for MSE) remained consistent.246

Increasing the sample size from n = 2000 to 4000 primarily reduced the spread of both metrics, R2 and247

MSE, rather than altering their means. Figure 3 illustrates clear, stepwise drops from the baseline to W1248

(q = 0.10) and further to W2 (q = 0.30) within each trial at the largest sample size n = 4000, with boldfaced249

lines between means trajectories emphasizing this consistent monotone trend.250

Like CE, trials T1 and T4 show the strongest effects, followed by T3 and T6. This is because X influences251

Y twice as much in these trials compared to T2 and T5, while Z1’s contribution remains consistent across252

the last two pairs. Nonetheless, the decline in predictive performance for T1 and T4 in the MsC seems more253

significant than in the CE. See Figure A.2 in the Supplementary Material for similar plots related to the254

MSE.255
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(a) MLR (b) SVR

(c) RF-R (d) XGBoost-R

(e) MLP-R

Figure 3: Line graphs of R2 for the MCE of MsC with q = 0, 0.1, 0.3 at trials T1–T6 and for (a) MLR, (b)
SVR, (c) RF-R, (d) XGBoost-R, and (e) MLP-R.

Figure 4 illustrates how permutation importance behaves in the MsC experiment. Across all trials and256

models, MsC leads to a noticeable decrease in the importance of the affected predictor as the misclassification257
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rate rises. In several trials, especially those where we assign a larger coefficient to Z1 than the primary258

predictor, the importance of the misclassified variable nears zero at higher misclassification levels (W2).259

However, the importance of the predictive feature Z1 remains stable regardless of misclassification levels and260

consistently ranks higher in trials where it has a stronger true signal. Meanwhile, the non-predictive variable261

Z2 stays nearly at zero throughout.262

These patterns also emphasize key differences between the CE and MsC. The CE causes a slow decline in263

the affected predictor’s importance, whereas the MsC leads to quicker, more severe losses and a shift in the264

importance to other features, as illustrated in trials T1, T3, T4, and T6 in Figure 4.265
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(a) MLR (b) SVR

(c) RF-R (d) XGBoost-R

(e) MLP-R

Figure 4: Line graphs of the mean permutation importance (±SD) for the MCE of MsC with q =
0, 0.1, 0.3 at trials T1–T6 and for (a) MLR, (b) SVR, (c) RF-R, (d) XGBoost-R, and (e) MLP-R.

Berkson Error (BE) Under Berkson error, the difference ∆R2(Wk;Xk) = R2(Wk)−R2(Xk) are consis-266

tently negative, and ∆MSE(Wk;Xk) = MSE(Wk)−MSE(Xk), are consistently positive across trials (T1–T6),267
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models, and sample sizes. This indicates that replacing baseline features with error-prone measurements W1268

(σ = 0.5) and W2 (σ = 0.75) reduces the explained variance and increases the MSE. The extent of these269

effects depends on the error levels, with W2 causing greater degradation than W1. Additionally, the choice270

between the baseline features (X1 and X2) has little to no effect.271

In Figure 5, for n = 4000 and across all models and trials, the two baselines (X1, X2) are visually overlaid,272

with the boldfaced lines between means and individual trajectories nearly overlapping. Any minor separations273

are infrequent and slight, and do not affect the main conclusion: increased Berkson error results in larger274

declines in R2 and corresponds to increases in MSE. The pattern observed in trials T1–T6, similar to CE275

and MsC, also appears in BE; the predictive performance depends on the contributions of the error-free and276

error-burdened features to Y . See Figure A.3 in the Supplementary Material for similar plots related to the277

MSE.278
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(a) MLR (b) SVR

(c) RF-R (d) XGBoost-R

(e) MLP-R

Figure 5: Line graphs of R2 for the MCE of BE with σ = 0, 0.5, 0.75 at trials T1–T6 and for (a) MLR, (b)
SVR, (c) RF-R, (d) XGBoost-R, and (e) MLP-R.

The permutation importance under BE, Figure 6, shows a high degree of stability across trials and models,279

with only modest changes observed when moving from the error-free measurement X to the BE-affected280
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measurement W , even at higher error levels. Trials T1 and T4 were the most affected cases. In trials where281

the primary predictor carries a clearly weaker signal than the predictive feature Z1 (e.g., T2 and T5), relative282

importance rankings are largely preserved, and the separation between predictors remains similar to the283

no-error case. However, an informative pattern emerges in Trials T3 and T6, where the primary predictor284

and Z1 have comparable true effects: under BE, their permutation importance remains close and tends285

to converge slightly without pronounced reordering. This behavior contrasts with the stronger reduction286

observed under CE and the sharper degradation under MsC, and it highlights that when predictive signals287

are balanced, BE primarily compresses relative importance rather than redistributing it substantially.288
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(a) MLR (b) SVR

(c) RF-R (d) XGBoost-R

(e) MLP-R

Figure 6: Line graphs of the mean permutation importance (±SD) for the MCE of BE with σ = 0, 0.5, 0.75
at trials T1–T6 and for (a) MLR, (b) SVR, (c) RF-R, (d) XGBoost-R, and (e) MLP-R.

Group-Summary Assignment (GSA) In the group-summary assignment (GSA), the sign of the difference289

remains consistent across trials (T1–T6), models, and sample sizes: ∆R2(Wk;Xk) = R2(Wk)−R2(Xk) are290

18



consistently negative, while ∆MSE(Wk;Xk) = MSE(Wk)−MSE(Xk) are consistently positive, confirming291

that using error-burdened measurements consistently reduce model fit and worsen prediction performance292

compared to baselines (X1 or X2). The extent of this degradation increases with error level, with W2293

(σ = 0.75) causing larger changes than W1 (σ = 0.5). The downward trend of MSE when using W2 is294

more severe than that of W1. Increasing the sample size to n = 4000 reduces variability primarily, without295

significantly shifting the mean, although it remains larger than in CE, MsC, and BE.296

In line with these summaries, Figure 7 (n = 4000; all models and trials) displays within-cell trajectories297

from Xk to Wk, for k = 1, 2, that decrease in R2, with the two baseline mean paths almost overlapping,298

suggesting only minor baseline differences. A similar pattern is observed for differences and similarities between299

trials, as seen in the CE, MsC, and BE, though potentially with greater degradation across replications. See300

Figure A.4 in the Supplementary Material for similar plots related to the MSE.301

19



(a) MLR (b) SVR

(c) RF-R (d) XGBoost-R

(e) MLP-R

Figure 7: Line graphs of R2 for the MCE of GSA with σ = 0, 0.5, 0.75 at trials T1–T6 and for (a) MLR,
(b) SVR, (c) RF-R, (d) XGBoost-R, and (e) MLP-R.

Figure 8 illustrates the permutation importance pattern observed under GSA across all trials and models.302

Substituting predictor X with its group-level summary, W , results in a noticeable decrease in importance,303

20



indicating the removal of within-group variability rather than just noise. As the error level increases, the304

importance of the primary predictor diminishes further, although the magnitude of this decrease varies across305

trials and does not follow a consistent pattern. The importance of Z1 remains relatively unchanged, while Z2306

consistently shows negligible importance. Unlike CE and MsC, GSA primarily influences variable importance307

by eliminating within-group variation by replacing individual measurements with group summaries.308
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(a) MLR (b) SVR

(c) RF-R (d) XGBoost-R

(e) MLP-R

Figure 8: Line graphs of the mean permutation importance (±SD) for the MCE of GSA with σ =
0, 0.5, 0.75 at trials T1–T6 and for (a) MLR, (b) SVR, (c) RF-R, (d) XGBoost-R, and (e) MLP-R.
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3.1.2 Statistical Analysis309

Classical Error (CE). The analysis indicates that the within-subject Measurement factor (X → W1 → W2)310

predominantly influences R2 and MSE, with significant effects (R2: F = 82, 195.33; MSE: F = 102, 708.26;311

p < .001). This suggests that introducing classical error significantly reduces R2 and increases prediction312

error, as reflected in higher MSE values. The extent of this impact varies with different scenarios: the313

interactions between Trial and Measurement are also substantial (R2: F = 3, 952.64; MSE: F = 4, 934.96;314

p < .001), indicating that deterioration levels depend heavily on the data-generating conditions. Additionally,315

model architecture influences results: the Model × Measurement interaction is significant for R2 (F = 214.43,316

p < .001) and somewhat less for MSE (F = 9.21, p < .001), suggesting some models are more resistant to317

classical error than others.318

The between-subject factors also play a role: Trial, Model, and sample size (n) are all significant main319

effects for both metrics (e.g., R2: Trial F = 7, 829.01; Model: F = 730.54; n : F = 15.26, all p < .001),320

indicating baseline differences across scenarios, models, and sample sizes. However, the interactions between321

n× Measurement are minor (R2: F = 1.92, p = .118; MSE: F = 2.84, p = .035), implying that larger322

samples mainly reduce variability rather than change the average CE impact. Overall, CE shows a consistent,323

monotonic decline from X to W1 to W2, with the size of this decline primarily influenced by the Trial and the324

learning model, with only slight effects from sample size. For further statistical analyses, see Appendix B.1.325

For permutation importance of Z1, importance varies by Trial (F = 15,362.70, p < .001) with a clear326

additional effect of Model (F = 85.11, p < .001); sample size has no main effect (p = .600). The within-subject327

Measurement factor (X → W1 → W2) is small but reliable (F = 4.41, p = .016), indicating that classical328

error slightly shifts the salience of Z1. That shift is modestly contingent on design, with Trial × Measurement329

(F = 3.94, p < .001) and n× Measurement (F = 4.06, p = .004) both significant but very small in magnitude;330

other interactions with Measurement are negligible. In contrast, permutation importance of Z2 shows only331

weak effects: small main effects of Trial (F = 2.64, p = .022) and Model (F = 3.03, p = .017), while332

Measurement is not significant (p = .225) and its interactions are non-significant or marginal (e.g., n×333

Measurement p = .071). Overall, classical error significantly influences the relative importance of Z1 but334

minimally affects Z2, with any Measurement-related effects for Z1 being statistically detectable but practically335

small.336

Misclassification (MsC). The measurement factor within subjects (comparing baseline X vs. misclassified337

W levels) is the primary source of variance in both outcomes (R2: F = 77, 778.86, p < .001; MSE:338

F = 100, 884.62, p < .001), showing that misclassification leads to significant systematic changes in model fit339

and error. These effects vary considerably depending on the data-generating Trial (R2: Trial × Measurement340

F = 8, 106.22, p < .001; MSE: F = 10, 446.55, p < .001), with smaller but notable influences from Model and341

sample size (R2: Model × Measurement F = 211.18, p < .001; n× Measurement F = 7.91, p < .001; MSE:342

Model × Measurement F = 10.39, p < .001; n× Measurement F = 7.13, p < .001). Main effects of Trial and343

Model are also substantial (e.g., R2: Trial F = 14, 145.56, p < .001; Model: F = 438.62, p < .001), indicating344

considerable baseline variability across different data scenarios and methods. For further statistical analyses,345

see Appendix B.2.346

The importance of Z1 heavily depends on the data-generating Trial (F = 12,240.01, p < .001), with347

additional influences from Model (F = 69.48, p < .001) and a small Trial × n interaction (F = 6.55,348

p < .001). The error level (Measurement: X vs. Wk) has a minor yet significant main effect on Z1’s349

importance (F = 14.69, p < .001), further weakly affected by Trial and Model (Trial × Measurement350

F = 2.77, p = .004; Model × Measurement F = 15.00, p < .001). This suggests that misclassification can351

alter Z1’s contribution, but the overall impact is small compared to the underlying scenario and method352

choice. Conversely, the permutation importance of Z2 remains relatively stable: effects from Trial and Model353

are statistically significant but very small (Trial: F = 2.35, p = .040; Model: F = 3.19, p = .013), and the354

main effect of error level is not significant (Measurement F = 2.05, p = .143); interactions are generally355

negligible. In summary, under MsC, Z1’s importance is mainly influenced by the generative scenario and, to356

a lesser extent, by the model, with only minor variations due to misclassification severity. Meanwhile, Z2’s357

importance is mostly unaffected by misclassification.358
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Berkson Error (BE). The analysis reveals a significant within-subject effect of Measurement (Xk vs. Wk)359

on both metrics (R2: F = 107,902.26, p < .001; MSE: F = 141,398.47, p < .001). This suggests that Berkson360

error markedly decreases R2 and raises MSE. Additionally, the Measurement × Trial interaction is highly361

significant (R2: F = 3,662.76; MSE: F = 4,760.20, both p < .001), indicating that the extent of degradation362

varies considerably depending on the generative trial (T1–T6).363

Between-subject factors such as Trial, sample size n, and Model significant main effects for both metrics364

(all p ≤ .001 for R2, and for MSE, Trial and Model (p < .001; n (p < .001), and they exhibit several365

modest interactions, like Trial × n, both metrics p < .001. For R2, the interactions Trial × Model and366

Model × Measurement are additionally significant (both p < .001) with medium effect sizes, suggesting367

that different model families vary in how quickly R2 decreases from baseline (X1, X2) to (W1,W2) across368

trials. For MSE, Model × Measurement is significant but has a smaller (F = 8.81, p < .001). Higher-order369

three-way interactions involving Measurement are negligible and not significant, indicating a consistent370

pattern: across models and sample sizes, W2 results in the largest performance loss, W1 a smaller loss, and371

the baselines (X1, X2) outperform W1,W2. These findings replicate the descriptive line graphs (n = 4, 000),372

where trajectories decline from X1 to W1 and further X2 to W2 across trials. For further statistical analyses,373

see Appendix B.3.374

For the variable importance, the significance of Z1 varies strongly and systematically across data-generating375

trials, with a significant trial effect (F = 32, 772.81, p < .001). It also shows smaller but notable modulation376

by sample size (n: F = 16.82, p < .001) and model class (Model: F = 148.42, p < .001). Importantly, the377

within-subject Measurement factor (X1, X2,W1,W2) greatly influences Z1 (Measurement: F = 1, 610.56,378

p < .001). There are significant trial-specific and size-specific shifts as well (Trial × Measurement: F = 31.89,379

p < .001; n× Measurement: F = 7.63, p < .001). This suggests that increasing Berkson error (W1 → W2)380

consistently alters the importance assigned to Z1, with the magnitude of the change depending slightly on381

trial and sample size.382

In contrast, Z2 displays considerably weaker effects overall: both Trial and Model are statistically383

significant, but with small effect sizes (Trial: F = 3.50, p = .004; Model: F = 14.20, p < .001). Although384

the Measurement effect is significant, it remains modest in magnitude (F = 19.60, p < .001). Interactions385

involving Measurement for Z2 are present but are minor in practical significance. Overall, these findings386

suggest that Berkson error significantly disrupts the estimated importance of Z1, with effects varying by trial387

and to some extent by sample size, while the importance of Z2 remains relatively stable and is only slightly388

influenced by error level and modeling choices.389

Group-Summary Assignment (GSA). In the GSA regression, Measurement (X1, X2,W1,W2) was the390

primary factor influencing both outcomes, showing very large effects (R2: F = 8, 032.21; MSE: F = 8, 766.28;391

p < .001). This aligns with expectations that the error-prone inputs W1 and especially W2 produce lower392

R2 and higher MSE compared to the baseline variables (X1, X2). Significant main effects of Trial (R2:393

F = 368.83; MSE: F = 391.96; p < .001) and clear Trial × Measurement interactions (R2: F = 382.67; MSE:394

F = 416.00; p < .001) were observed, suggesting that the extent of decline from Xk to Wk varies depending395

on the data scenario, though not its direction.396

The main effect of the Model was significant for R2 (F = 26.76, p < .001) and less so for MSE (F = 8.21,397

p < .001), indicating some differences in absolute performance between models. However, the interaction398

between Model and Measurement was modest for R2 (F = 21.52, p < .001) and negligible for MSE (p = .977),399

suggesting similar sensitivity to W1,W2 across models regarding error. Sample size had only small or marginal400

effects (R2: p = .044; MSE: p = .056), and n× Measurement was not significant for either metric (p = .098 for401

R2, p = .112 for MSE), which indicates that larger samples mainly help stabilize estimates rather than change402

their relative order (X followed by W1 then W2 for R2 and the other way around for MSE). Higher-order403

interactions were insignificant. For further statistical analyses, see Appendix B.4.404

The significance of Z1 remains consistent across different trials and measurement conditions, while Z2405

remains largely stable. Permutation importance analysis reveals that the main effect of Trial is highly406

significant (F = 1, 674.99, p < .001), demonstrating that data-generating scenarios (T1–T6) cause substantial407

changes in Z1’s contribution. Additionally, a smaller but significant Trial × n interaction (F = 4.02, p < .001)408
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indicates that these shifts modestly scale with sample size. Measurement effects (baseline/error level) are409

also highly significant for Z1 (F = 1, 928.06, p < .001), and the Trial × Measurement interaction (F = 14.74,410

p < .001) suggests that moving from X1, X2 to W1,W2 systematically alters Z1 importance, with the change411

magnitude depending on the trial.412

In contrast, most effects for Z2 are not significant; the Model’s main effect is statistically significant but413

quite small (F = 4.07, p = .003). Measurement shows only a marginal effect (p = .071), and higher-order414

terms are negligible. This suggests that Z2’s importance remains consistent across different trials, sample415

sizes, and error levels.416

3.2 Classification Problems417

This section presents the results of both descriptive and inferential analyses of the four MCEs for classification418

tasks. In classification problems, the performance measures M are accuracy, F1 score, and permutation419

feature importance.420

3.2.1 Descriptive Analysis421

3.2.2 Classical Error (CE)422

For CE, the differences ∆Accuracy(Wk;X) = Accuracy(Wk)−Accuracy(X) and ∆F1(Wk;X) = F1(Wk)−423

F1(X) were consistently negative across trials (T1–T6), models, and sample sizes, indicating that adding424

classical noise to X degrades performance. The magnitude reflected the noise level: W1 (σ = 0.5) caused425

declines, while W2 (σ = 0.75) resulted in larger drops, maintaining the order M(W2) < M(W1) < M(X). The426

differences among classifiers were noticeable but modest and did not alter the overall pattern. At n = 4000,427

variability in the difference decreased, but remained higher than in regression problems, consistent with428

more stable estimates at larger n. Figure 9 shows dense, downward trajectories of Accuracy from X to W1,429

and further to W2, with differences between models being modest. The trajectories exhibit a consistent430

left-to-right decrease and a tight clustering of individual lines around the mean, though less tight than in431

regression, reflecting stable behavior at n = 4000. The results for ∆F1(Wk;X) mirror the Accuracy findings;432

see Figure A.5.433
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(a) LogReg (b) SVC

(c) RF-R (d) XGBoost-C

(e) MLP-C

Figure 9: Line graphs of accuracy for the MCE of CE with σ = 0, 0.5, 0.75 at trials T1–T6 and for (a)
LogReg, (b) SVC, (c) RF-C, (d) XGBoost-C, and (e) MLP-C.

Figure 10 shows permutation importance in the classification setting under CE across various trials434

and models. The patterns in classifier results under CE closely mirror those seen in the regression setting435
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(Figure 2). With increased measurement error, the permutation importance of the main predictor consistently436

decreases across trials and classifiers, while the importance of the predictive feature Z1 stays stable, and437

the non-predictive feature Z2 remains minimally important. Differences between trials, such as when Z1438

takes precedence over the primary predictor due to the underlying coefficient structure (e.g., T3 and T6),439

are maintained in the classification context. Overall, these results suggest that CE’s qualitative detrimental440

effect on variable importance is mostly unaffected by whether the task involves regression or classification.441
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(a) LogReg (b) SVC

(c) RF-C (d) XGBoost-C

(e) MLP-C

Figure 10: Line graphs of the mean permutation importance (±SD) for the MCE of CE with σ =
0, 0.5, 0.75 at trials T1–T6 and for (a) LogReg, (b) SVC, (c) RF-C, (d) XGBoost-C, and (e) MLP-C.
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3.2.3 Misclassification (MsC)442

The differences were mostly negative across all trials (T1–T6), models, and sample sizes, indicating a443

performance decline when the misclassified predictor Wk replaces X. The magnitudes of these differences444

correlated with the error rate q: W1 (q = 0.10) produced moderate decreases, whereas W2 (q = 0.30) resulted445

in larger decreases, maintaining the order M(W2) < M(W1) < M(X). Although there were minor differences446

among classifiers, they did not change the overall trend. At n = 4000, the variability of the difference447

decreased, but remained higher than in regression problems, which reflects more consistent estimates at larger448

sample sizes. Figure 11 displays dense, downward trends for Accuracy from X to W1, and further to W2,449

at n = 4000 across all models, with boldfaced lines between means paths highlighting the same monotonic450

pattern. However, we observed less significant differences here, particularly when an intercept is present:451

trials T4–T6, along with trial T2, show that X contributes less to Y than Z1. Even trial T3 has shown452

modest changes. Results for ∆F1(Wk;X) mirror the Accuracy results; see Figure A.6.453
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(a) LogReg (b) SVC

(c) RF-R (d) XGBoost-C

(e) MLP-C

Figure 11: Line graphs of accuracy for the MCE of MsC with q = 0, 0.1, 0.3 at trials T1–T6 and for (a)
LogReg, (b) SVR, (c) RF-R, (d) XGBoost-R, and (e) MLP-C.

In the MsC classification setting, the permutation importance of the affected predictor shows a strong454

trial-dependent pattern across classifiers, as shown in Figure 12. During trials (T1-T3) with a zero intercept,455
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MsC results in significant but fluctuating decreases in the primary predictor’s importance, with the extent of456

reduction depending on the relative strengths of competing predictors. Conversely, in trials (T4–T6) with a457

nonzero intercept, MsC causes a more pronounced decrease, often reducing the importance of the misclassified458

predictor to nearly zero. Throughout all trials, the importance of the feature Z1 remains fairly stable, while459

the non-predictive feature Z2 consistently shows negligible importance.460

Unlike the CE, these findings suggest that in classification models, the influence of MsC on variable461

importance is collectively determined by the error mechanism and the intercept, which adjusts the baseline462

contribution of predictors to class separation.463
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(a) LogReg (b) SVC

(c) RF-C (d) XGBoost-C

(e) MLP-C

Figure 12: Line graphs of the mean permutation importance (±SD) for the MCE of MsC with q =
0, 0.1, 0.3 at trials T1–T6 and for (a) LogReg, (b) SVC, (c) RF-C, (d) XGBoost-C, and (e) MLP-C.
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3.2.4 Berkson Error (BE)464

Under BE, the differences were mostly negative across trials (T1–T6), models, and sample sizes, with larger465

losses at the higher-error level (W2) than at W1. For X2,W2 resulted in a slightly less negative difference than466

X1,W1, but the pattern performance for W2 is less than W1 and remained consistent. For visual clarity at467

the largest sample size, the line plot shows Accuracy across measurements (M(Xk) > M(Wk)) for n = 4000468

and all models. Figure 13 displays dense downward trends from X to W , with boldfaced lines between469

means confirming this pattern across trials. As the sample size increases to 4000, dispersion decreases, but470

the variability is larger than in regression problems, indicating more stable estimates. At the same time,471

model-specific differences are minor and do not change the overall conclusion. The results for ∆F1(Wk;Xk)472

are similar to the Accuracy outcomes, see Figure A.7.473
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(a) LogReg (b) SVC

(c) RF-C (d) XGBoost-C

(e) MLP-C

Figure 13: Line graphs of accuracy for the MCE of BE with σ = 0, 0.5, 0.75 at trials T1–T6 and for (a)
LogReg, (b) SVC, (c) RF-C, (d) XGBoost-C, and (e) MLP-C.

Under BE in the classification setting, permutation importance exhibits relatively moderate changes across474

trials and classifiers, Figure 14. Replacing the error-free predictor X with the BE affected measurement W475
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leads to a moderate reduction in the importance of the primary predictor; however, differences between error476

levels are minor and do not follow a consistent or monotonic pattern. The importance of Z1 remains stable477

across measurement conditions, and the importance of Z2 continues to exhibit negligible importance. In478

general, BE alters the magnitude of variable importance without substantially changing relative rankings,479

and its effect is notably weaker and less structured than that observed under CE or MsC.480
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(a) LogReg (b) SVC

(c) RF-C (d) XGBoost-C

(e) MLP-C

Figure 14: Line graphs of the mean permutation importance (±SD) for the MCE of BE with σ =
0, 0.5, 0.75 at trials T1–T6 and for (a) LogReg, (b) SVC, (c) RF-C, (d) XGBoost-C, and (e) MLP-C.
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3.2.5 Group-Summary Assignment (GSA)481

Under GSA, differences were mostly negative across trials (T1–T6), models, and sample sizes, and their482

magnitude was larger for W2 than for W1. Compared with X1, W1, the difference was slightly less detrimental483

than with X2,W2, yet the consistent monotone decline order W1 then W2 persisted. Figure 15 illustrates484

this downward trend, for n = 4000 and all models (M(Xk) > M(Wk)), with some variability. The larger485

sample size results also indicate more stable estimates. The ∆F1(Wk;Xk) findings follow the same pattern486

as Accuracy, as shown in Figure A.8.487
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(a) LogReg (b) SVC

(c) RF-R (d) XGBoost-C

(e) MLP-C

Figure 15: Line graphs of the Accuracy for the MCE of GSA with σ = 0, 0.5, 0.75 at trials T1–T6 and for
(a) LogReg, (b) SVR, (c) RF-R, (d) XGBoost-R, and (e) MLP-C.

Figure 16 shows the permutation importance in the GSA classification across trials and classifiers.488

Replacing the individual predictor X with its group-level summary W causes a noticeable decrease in489
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importance, indicating the loss of within-group variation due to aggregation. Differences between error levels490

are minimal and do not show a consistent pattern. The importance of Z1 remains fairly stable, while Z2491

continues to have negligible importance.492

Overall, the Group-Summary Assignment primarily compresses variable importance through aggregation493

rather than by sensitivity to error variance. Compared to CE, GSA decreases variable importance mainly494

via aggregation instead of noise contamination, causing a steady decline from X to W without depending495

systematically on the error variance. Unlike MsC, which often causes sudden and trial-dependent drops in496

importance, and BE, which results in only minor changes, GSA produces a structured reduction in importance497

that maintains the predictors’ relative order.498
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(a) LogReg (b) SVC

(c) RF-C (d) XGBoost-C

(e) MLP-C

Figure 16: Line graphs of the mean permutation importance (±SD) for the MCE of GSA with σ =
0, 0.5, 0.75 at trials T1–T6 and for (a) LogReg, (b) SVC, (c) RF-C, (d) XGBoost-C, and (e) MLP-C.

In the previous figures, as in the regression problems, trials T2 and T5 showed minimal or no change499

relative to trials T1, T3, T4, and T6. Unlike regression problems, classification problems exhibited greater500
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variability in performance across the MCEs, but were consistent with the loss pattern.501

3.2.6 Statistical Analysis502

Classical Error (CE). We examined Accuracy and F1-score using repeated-measures ANOVA, with503

Measurement (X, W1, W2) as the within-subject factor, and Trial (α configuration), sample size (n),504

and Model as between-subject factors. Both metrics showed significant main effects for Trial (Accuracy:505

F = 213.13; F1-score: F = 959.51, both p < .001), Model (Accuracy: F = 216.39; F1-score: F = 191.54,506

both p < .001), and notably Measurement (Accuracy: F = 3298.33; F1-score: F = 2667.17, both p < .001).507

Sample size had a negligible effect on Accuracy (p = .757) and was marginal for F1-score (p = .065).508

Importantly, the effect of measurement error was influenced by the α setup (Trial × Measurement:509

Accuracy F = 145.09; F1-score: F = 133.56; p < .001). It was also modestly affected by sample size and510

model (n× Measurement and Model × Measurement showed significant but small effect sizes). Post-hoc511

analyses revealed consistent declines from W1 and W2 compared to X, with W2 (higher error) causing512

larger drops (typically = 0.04–0.08), and W1 showing smaller decreases (= 0.005–0.04). Some effects of W1513

during T2/T5 or at larger sample sizes were close to zero. Higher-order interactions were negligible. Overall,514

measurement error reliably lowered both Accuracy and F1-score, primarily depending on the α setup and515

secondarily on model choice and sample size. For further statistical analyses, see Appendix B.1.516

We evaluated the permutation importance of the genuinely predictive covariate Z1 using a repeated-517

measures ANOVA. The importance of Z1 was predominantly affected by the α configuration (Trial: F =518

3556.09, p < .001) and, to a lesser degree, by the Model (Model: F = 94.89, p < .001); sample size519

had a smaller impact (F = 11.82, p < .001). Error level caused a small but significant decrease in Z1520

importance (Error level: F = 29.58, p < .001): the grand mean dropped from 0.160 for X to 0.157 for W1521

and 0.156 for W2 (= −0.003 and −0.004 compared to X). This relationship was modestly influenced by522

the α configuration (Trial × Error level: F = 7.53, p < .001) and was only weakly affected by the model523

(Model × Error level: F = 2.08, p = .039); other Measurement-related interactions were negligible. Cell-wise524

contrasts mostly revealed small, frequent decreases, particularly at T3 and T6 across various models, with525

occasional isolated increases that did not alter the overall pattern. In summary, classical measurement error526

slightly underestimates the learned importance of Z1, but this impact is much smaller than the effects of α527

configuration and model selection.528

The permutation importance of Z2 remained relatively stable across different conditions. Throughout the529

trials, the estimated importance of Z2 did not show variation (Trial: F = 0.37, p = .866), with only a minor530

main effect of sample size (n: F = 6.69, p = .001) and a clear model-class effect (F = 102.80, p < .001).531

Additionally, a slight interaction between Trial and n was observed (F = 3.36, p < .001), as was an interaction532

between n and Model (F = 4.43, p < .001), with no other significant higher-order interactions. Importantly,533

the error level (none = X, mild = W1, strong = W2) did not significantly influence Z2 importance (main534

effect: F = 1.87, p = .154); only very minor interactions were detected (Model × Error level: F = 2.70,535

p = .006; Trial × n× Error level: F = 1.72, p = .024). Comparisons between W1 or W2 and X mostly yielded536

null results; when differences appeared, they were small and inconsistent in sign, typically |∆| ∈ [0.002, 0.008]).537

Collapsing across factors, the grand means were X = 0.00254 (95% CI [0.00211, 0.00296]), W1 = 0.00305538

(95% CI [0.00257, 0.00352]), and W2 = 0.00301 (95% CI [0.00257, 0.00345]), indicating that increased error539

levels did not systematically alter the importance assigned to Z2.540

Misclassification (MsC). Under misclassification (MsC), both Accuracy and F1-score follow a clear541

pattern: performance decreases as error increases. For Accuracy, the within-subject factor Measurement is542

substantial and highly significant (F (1.69, 1372.05) = 1863.77, p < .001), and for F1-score, it is similarly543

strong (F (1.70, 1380.64) = 1144.56, p < .001). Trial exerts a very large main effect on both metrics (Accuracy:544

F (5, 810) = 1040.53; F1-score: F (5, 810) = 2077.43; both p < .001), and Model also influences results545

(Accuracy: F (4, 810) = 231.00; F1-score: F (4, 810) = 262.38; both p < .001). Nonetheless, models do546

not significantly differ in their sensitivity to misclassification (Model × Measurement: Accuracy p = .474;547

F1-score p = .299).548
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Sample size has only a minor influence (Accuracy main effect: F (2, 810) = 3.73, p = .024; F1-score:549

F (2, 810) = 1.47, p = .230), with small interactions involving Measurement (Accuracy: F (3.39, 1372.05) =550

3.37, p = .014; F1-score: F (3.41, 1380.64) = 3.19, p = .018). The observed degradation from X to W1 to W2551

is consistent across models and largely stable across sample sizes, though its extent depends on the specific552

trial scenario. For further statistical analyses, see Appendix B.2.553

Permutation importance results differ for Z1 versus Z2. For Z1, there is a strong main effect of misclassifi-554

cation level (Measurement: F = 205.5, p < .001), indicating a clear decline in importance (X followed by W1555

then W2). The importance of Z1 also varies significantly with Trial and Model (both p < .001), with a smaller556

impact from sample size; the effect of misclassification remains fairly consistent across different sample sizes557

(n× Measurement) and is only modestly influenced by Trial and Model (both p < .001). Conversely, for Z2,558

misclassification level is not a reliable driver (Measurement p = .178); instead, differences are mainly driven559

by sample size and Model (both p < .001), with minor interactions such as Trial × Model (p = .041) and n×560

Model (p = .001). Overall, misclassification substantially reduces the importance of Z1, whereas Z2 remains561

comparatively stable, with sample size and method choice having a larger influence on Z2 than the error level.562

Berkson Error (BE). We evaluated Accuracy and F1-score using repeated-measures ANOVA. A very563

strong main effect of the measurement condition/error level (Xk and Wk) was observed on both metrics564

(Accuracy: F = 2444.28, p < .001; F1-score: F = 2120.42, p < .001). Additionally, Trial and Model have565

significant main effects (e.g., Accuracy: Trial F = 317.38; Model: F = 358.43; F1-score: Trial F = 1437.34;566

Model: F = 317.02; all p < .001). Sample size also shows modest but significant improvements.567

The critical interaction between Trial × error level is significant for both metrics: Accuracy (F = 93.96)568

and F1-score (F = 97.91; p < .001), indicating that the magnitude of degradation depends on the α-569

configuration. Interactions involving error level with sample size and with the Model are not statistically570

significant, indicating that the response pattern (X followed by W1 followed by W2) remains consistent across571

different models and sample sizes. Pairwise comparisons against X1 and X2 reveal that W1 usually diminishes572

performance, while W2 causes even greater declines, with many cell-wise confidence intervals excluding zero.573

In summary, Berkson error progressively worsens classification quality, and these findings are robust for both574

Accuracy and F1. For further statistical analyses, see Appendix B.3.575

The patterns of feature importance clearly differ for Z1 and Z2. For Z1, the α-configuration (Trial) is576

most prominent (F = 5953, p < .0001), and there are significant differences between models (F = 140.8,577

p < .0001). Measurement also plays a role with a moderate average effect (F = 134.6, p < .001), and this578

measurement effect slightly varies depending on the Trial (F = 6.81, p < .001) and, to a lesser extent, on the579

interaction between Trial and sample size (F = 3.94, p < .001).580

By contrast, the significance of Z2 shows no main effect of Trial (F = 1.00, p = .417), a minor yet581

meaningful variation across models (F = 128.8, p < .001), and only a small average measurement effect582

(F = 5.11, p = .002). There are minor interactions between Trial and Measurement (F = 2.18, p = .007)583

and between Model and Measurement (F = 2.17, p = .013). Sample size has little impact in both cases.584

Essentially, Z1 provides most of the predictive signal and is moderately sensitive to using W rather than X585

(and to α-configuration), while Z2 remains relatively stable. Its importance varies little with measurement586

choice or α-configuration, and only slightly with Model or n.587

Group-Summary Assignment (GSA). In the group-summary assignment (GSA) experiment, both588

Accuracy and F1-score strongly depend on the trial (α configuration) and show a small but clear dependence589

on model and sample size. For Accuracy, significant factors include Trial (F (5, 810) = 50.31, p < .001),590

sample size (F (2, 810) = 5.68, p = .004), and Model (F (4, 810) = 55.15, p < .001) are significant; critically,591

the Measurement factor (X1, X2 vs. W1,W2) is highly significant with a large effect (F = 2147, p < .001),592

indicating that using group-averaged exposures (W1,W2) reduces performance compared to error-free X.593

This decrease is modulated by Trial (Trial × Measurement: F = 84.9, p < .001), and to a lesser extent with594

sample size and model (n× Measurement: p = .161; Model × Measurement: F = 2.94, p = .001; Trial × n×595

Measurement: F = 5.39, p < .001).596

The F1-score exhibits a similar qualitative pattern: significant effects are seen in Trial (F (5, 810) = 49.86,597
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p < .001), Model (F (4, 810) = 13.65, p < .001), and a modest effect of sample size (F (2, 810) = 3.12,598

p = .045). Measurement remains highly significant (F = 1189.6, p < .001), with interactions showing that599

the performance drop under W1,W2 varies notably by Trial (F = 57.0, p < .001) and only slightly by sample600

size (n× Measurement: F = 2.35, p = .043). In general, GSA consistently causes a loss in Accuracy/F1601

compared to error-free X, especially pronounced in some α settings, while differences between models and602

sample sizes exist, but are relatively minor. For further statistical analyses, see Appendix B.4.603

For the variable importance, the significance of Z1 is primarily influenced by the generative setup (Trial:604

F = 1108.21, p < 0.001), with smaller contributions from sample size (F = 6.99, p < 0.001) and the model605

(F = 30.75, p < 0.001). Importantly, Z1 exhibits a modest but noticeable dependence on the error level606

(Measurement: X1, X2 versus W1,W2; F = 156.85, p < 0.001), and this relationship varies slightly across607

different trials (Trial × Measurement: F = 8.34, p < 0.001) and models (Model × Measurement: F = 2.99,608

p = 0.002).609

In contrast, Z2 remains mostly unaffected by the error level in GSA, as indicated by p = 0.878; its610

variability is mainly due to the model (F = 145.64, p < 0.001) and, to a lesser extent, the sample size611

(F = 18.37, p < 0.001). Only minor Trial-linked modulations are observed (Trial × Measurement: F = 1.76,612

p = 0.038). Overall, GSA reduces the impact of error levels on Z2 but does not have the same effect on Z1.613

3.3 Post-hoc Power Analysis614

We performed a post-hoc power analysis using G*Power (Faul et al., 2007) within a repeated-measures615

ANOVA framework. The power estimates for the statistical tests were based on Monte Carlo replications616

with m = 10 and a significance level of α = 0.05. The effect size, Cohen’s F = 7.39, was determined based on617

observed generalized η2 estimates from the repeated-measures ANOVA. The correlation between repeated618

measurements was set at 0.5, and a Greenhouse–Geisser correction with ϵ = 0.82 was applied to account for619

nonsphericity. Based on these assumptions, the study’s power was approximately 1.00, which shows that the620

design was more than capable of detecting the observed effects.621

4 Discussion622

This study systematically compares how various feature-level measurement error mechanisms affect modern623

machine learning outcomes across regression and classification tasks. Our experiments consistently reveal a624

monotonic trend: replacing error-free covariates with error-prone measurements reduces predictive accuracy,625

with the extent of the decline increasing with the magnitude of the error. This trend is observed across626

classical error, misclassification, Berkson error, and group-summary assignment, and across all considered ML627

methods. Notably, increasing the sample size does not eliminate these effects; instead, it primarily reduces628

variability of the trends around the mean trend in the results, confirming that feature measurement error629

causes persistent bias in predictive performance rather than merely finite-sample noise.630

A post-hoc power analysis was conducted within a repeated-measures ANOVA framework, using 10 Monte631

Carlo replications and a significance level of α = 0.05. The achieved power was approximately 1.00, indicating632

sufficient power to detect small effects. However, exploratory and inferential analyses showed large effect633

sizes.634

In both regression and classification ML problems, a clear pattern emerges: measurement errors in635

predictive features consistently impair model performance, with the severity of impairment increasing as636

error levels rise. Tracking difference (∆M) simplifies understanding of this trend across different metrics:637

∆R2, ∆Accuracy, and ∆F1 usually show negative values, while ∆MSE tends to be positive. This pattern638

persists across all four measurement-error mechanisms (CE, MsC, BE, GSA), all tested model types, and all639

six generative trials (T1–T6). In essence, whether errors originate from additive noise (CE and BE), discrete640

mislabeling (MsC), or group-level aggregation (GSA), substituting error-affected features for the error-free641

baseline consistently yields poorer predictions.642

A second important finding is that the extent of performance loss varies significantly across scenarios,643

reflecting the underlying signal structure of the data-generating process. In the descriptive line plots, the644
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largest drops occur in trials in which the error-prone feature X exerts a greater influence on Y , notably645

at T1 and T4, followed by T3 and T6. Conversely, trials where X’s contribution is weaker relative to the646

other error-free predictor Z1 show more minor changes, such as T2 and T5. The repeated-measures ANOVA647

supports this visual pattern: the Measurement × Trial interaction is consistently large and highly significant648

for both regression and classification metrics across different measurement error mechanisms. This suggests649

that measurement error does not merely add noise; instead, it interacts with the distribution of the predictive650

signal across features, making the impact of feature error predictable from the data’s signal-to-noise ratio651

and coefficient structure.652

Third, although all ML model performances are affected, the inferential results indicate that model653

choice can influence sensitivity to measurement error, particularly in regression tasks. For CE, MsC, and BE654

regression, measurement variability significantly impacts R2 and MSE. However, the interactions between655

Model and Measurement are statistically significant, with greater effect on R2 than on MSE, suggesting656

that some methods are slightly more resilient. Conversely, in the classification context, the misclassification657

experiment reveals that classifiers vary in baseline performance across trials but show minimal differences in658

sensitivity to increased feature misclassification. The interaction between Model and Measurement is not659

significant for MsC in Accuracy and F1 score, indicating that when the predictor is discretely corrupted, the660

error mechanism generally overwhelms model-specific differences.661

A fourth key finding relates to sample size n. Increasing n primarily decreases the variability in ∆M by662

producing tighter trajectories and less variability across replications, but it generally does not significantly663

alter the overall degradation pattern. This is especially evident in regression analysis, where n× Measurement664

interactions are often minor or non-significant across several mechanisms; the degradation direction for665

R2 (and the reverse for MSE) remains consistent. In classification, variability tends to be higher than in666

regression; however, the same conclusion applies: larger samples yield more stable estimates of performance667

decline without eliminating it. Collecting more data does not eliminate measurement errors in features;668

rather, it enables more precise estimation of the extent of damage.669

Finally, the permutation-importance results underscore a key interpretability insight: measurement670

error can distort the estimated importance of features, but this distortion varies across predictors. For all671

measurement error mechanisms, the importance of the genuinely predictive feature Z1 depends primarily672

on Trial and Model. In contrast, Measurement often exhibits a statistically significant effect—ranging from673

modest (CE and MsC) to more pronounced (BE and GSA)—suggesting that feature error can alter how674

models assign importance to predictors. Conversely, the non-predictive feature Z2 remains relatively stable:675

its importance is typically weakly impacted (or not at all) by Measurement and is more affected by the676

model class and, occasionally, sample size. These findings caution against overlooked effects in applied ML:677

measurement error not only hampers predictive performance but can also bias post hoc interpretations,678

especially for predictors that truly carry the signal. Meanwhile, low-signal predictors may appear unexpectedly679

stable, primarily due to model artifacts rather than measurement issues.680

In the regression setting, we observe that feature-level measurement error can influence not just prediction681

accuracy but also how models assign importance to predictors. CE typically weakens the role of the affected682

feature gradually, while MsC produces sharper, often more disruptive changes that can significantly impact683

interpretability. Conversely, BE usually preserves importance patterns, whereas GSA lowers importance684

by aggregating and removing individual-level variation. The strength of competing predictors also affects685

these patterns; in cases with balanced signals, importance tends to compress rather than reordering abruptly.686

Overall, these findings indicate that, in regression tasks, practitioners should be cautious when interpreting687

variable importance, especially when MsC or aggregated exposures are involved, even if the overall model688

performance remains stable.689

In classification tasks, how measurement error affects feature importance is mainly influenced by the690

underlying decision structure, especially the intercept, which introduces greater trial-to-trial variability. MsC691

has the greatest impact, often reducing the importance of the affected predictor to nearly zero when baseline692

class probabilities reduce dependence on individual features. CE leads to more gradual changes, whereas693

BE causes consistent shifts in importance across classifiers. GSA falls in between, systematically decreasing694

importance through aggregation but without causing sudden collapse or reordering. These results emphasize695
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that, in classification problems, both the type of feature error and the decision boundary configuration should696

be considered when interpreting post hoc importance measures.697

This study examines independent, nondifferential feature measurement error, but real-world data often698

show correlated, heteroscedastic, or differential errors across features and populations. Adapting the699

framework to account for these complexities would make it more widely applicable. But if measurement700

error degrades performance in simple settings, it is more likely to cause similar effects in the more complex701

settings. Additionally, we assess predictive performance and permutation-based feature importance using702

naive training; future research could explore explicit error-aware learning methods, such as latent-variable703

models, SIMEX-type corrections, or joint representation learning, and compare their effectiveness with the704

same simulation setup. Our current analysis does not consider end-to-end deep learning models, nor does it705

address calibration, uncertainty quantification, or distribution shift, all of which are especially relevant when706

upstream models produce features. Lastly, while simulations enable controlled causal interpretation, applying707

the framework to real datasets with validation samples or partial ground truth, particularly in fields such as708

health, environmental exposure, and social science, would enhance external validity and support practical709

application.710

5 Broader Impact Statement711

Machine learning systems are increasingly used to guide decisions across fields such as healthcare, environmental712

monitoring, education, the social sciences, and public policy, where data quality can be imperfect. Our713

research shows that measurement errors in input features consistently and significantly degrade predictive714

performance and interpretability across various error types and ML modeling methods. This decline in715

performance is not offset by using larger datasets; rather, the bias introduced by noisy or inaccurately716

measured variables persists as an intrinsic part of the learning process.717

First, our findings have important implications for the creation and deployment of predictive systems.718

They emphasize that data quality can set fundamental limits on a model’s reliability, regardless of whether719

advanced algorithms or extensive datasets are used. This indicates that enhancing measurement processes,720

such as using better sensors, adopting more consistent labeling methods, or explicitly modeling measurement721

uncertainty, may have a greater impact than merely using big data.722

Second, our findings highlight the importance of evaluation methods that mirror real-world data quality723

conditions. When models are trained or tested on perfect, error-free features, they might overestimate724

their performance on real-world data, leading to unwarranted confidence in critical fields such as healthcare,725

environmental forecasting, and social policy analysis.726

Finally, our work encourages further investigation into methods that can withstand measurement error727

and into frameworks for measuring and reporting uncertainty in feature data. Although it does not present728

new mitigation techniques, it highlights the extent and commonality of the issue, laying the groundwork for729

future methodological improvements.730

This research is unlikely to cause direct negative societal effects. However, neglecting the implications731

of measurement error in real-world applications can lead to biased or unreliable decisions. By explicitly732

addressing these risks, our work seeks to promote a more trustworthy, scientifically rigorous use of machine733

learning.734
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A Appendix818

A.1 Supplementary Tables819

Table A.1: List of Hyperparameters of Regression ML Methods and the Ranges of Values Used in Calibra-
tions.

ML Method Hyperparameter Description Range/Values

Multiple Linear
Regression (MLR)

Intercept Whether to include a y-intercept in
the model

True or False

Positive coefficients Whether to constrain the coefficients
to be positive

True or False

Support Vector
Regression (SVR)

λ Regularization parameter 0.1, 10

Kernel Specifies the kernel type to be used in
the algorithm

Linear, Polynomial,
RBF, Sigmoid

ϵ Specifies the ϵ-tube within which there
is no penalty

0.01, 1.0

Random Forest
Regression (RF-R)

Number of trees Number of trees in the forest 10 to 200

Max depth Maximum depth of the trees 2, 20

Min samples to split Minimum number of samples required
to split an internal node

2, 5

Min samples for a
leaf

Minimum samples required to be at a
leaf node

1, 2

Max number of fea-
tures

Number of features considered for best
split

Square root or log
base 2

Gradient Boosting
Regression (XGBoost-R)

Number of estima-
tors

Number of boosting stages 100, 200

Learning rate Shrinks contribution of each tree 0.01, 0.1

Max depth Maximum depth of individual estima-
tors

3, 5

Subsample propor-
tion

Fraction of samples used for fitting 0.8, 1.0

Feature proportion Fraction of features used for fitting 0.5, 1.0

Multi-layer Perceptron
Regression (MLP-R)

Size of hidden layers Number of neurons in each hidden
layer

10 to 100

Number of hidden
layers

Number of hidden layers in the net-
work

1 to 3

Activation function Activation function used in the net-
work

Identity, logistic,
tanh, relu

Solver algorithm Optimization algorithm lbfgs, sgd, adam

Learning rate Learning rate 0.001, 0.01

α L2 penalty 0.0001, 0.1

Max iterations Maximum number of iterations 500, 2000
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Table A.2: List of Hyperparameters of Classification ML Methods and the Ranges of Values Used in Cali-
brations.

ML Method Hyperparameter Description Range/Values

Logistic Regression
(LogReg)

Penalty Type of regularization L1 or L2

λ Inverse of regularization strength 0.01, 10

Solver Algorithm for optimization lbfgs, saga, liblinear

Max iterations Maximum number of iterations 100, 500

Support Vector Machine
(SVM)

λ Regularization parameter 0.1, 10

Kernel Kernel type Linear, Polynomial,
RBF, Sigmoid

Random Forest
Classification (RF-C)

Number of trees Number of trees 10 to 200

Max depth Maximum depth 2, 20

Min samples to split Minimum samples to split internal
node

2, 5

Min samples for a
leaf

Minimum samples at a leaf node 1, 2

Max number of fea-
tures

Features considered per split Square root or log2

Gradient Boosting
Classification
(XGBoost-C)

Number of estima-
tors

Number of boosting stages 100, 200

Learning rate Shrinks contribution 0.01, 0.1

Max depth Maximum depth 3, 5

Subsample propor-
tion

Fraction of samples used for fitting 0.8, 1.0

Feature proportion Fraction of features used for fitting 0.5, 1.0

Multi-layer Perceptron
Classification (MLP-C)

Size of hidden layers Neurons in each hidden layer 10 to 100

Number of hidden
layers

Number of hidden layers 1 to 3

Activation function Activation function logistic, tanh, relu

Solver algorithm Optimization algorithm lbfgs, sgd, adam

Learning rate Learning rate 0.001, 0.01

α L2 penalty 0.0001, 0.1

Max iterations Maximum number of iterations 500, 2000
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A.2 Further Descriptive Figures820

(a) MLR (b) SVR

(c) RF-R (d) XGBoost-R

(e) MLP-R

Figure A.1: Line graphs of the MSE for the MCE of CE with σ = 0, 0.5, 0.75 at trials T1–T6 and for (a)
MLR, (b) SVR, (c) RF-R, (d) XGBoost-R, and (e) MLP-R.
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(a) MLR (b) SVR

(c) RF-R (d) XGBoost-R

(e) MLP-R

Figure A.2: Line graphs of MSE for the MCE of MsC with q = 0, 0.1, 0.3 at trials T1–T6 and for (a) MLR,
(b) SVR, (c) RF-R, (d) XGBoost-R, and (e) MLP-R.
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(a) MLR (b) SVR

(c) RF-R (d) XGBoost-R

(e) MLP-R

Figure A.3: Line graphs of the MSE for the MCE of BE with σ = 0, 0.5, 0.75 at trials T1–T6 and for (a)
MLR, (b) SVR, (c) RF-R, (d) XGBoost-R, and (e) MLP-R.
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(a) MLR (b) SVR

(c) RF-R (d) XGBoost-R

(e) MLP-R

Figure A.4: Line graphs of the MSE for the MCE of GSA with σ = 0, 0.5, 0.75 at trials T1–T6 and for (a)
MLR, (b) SVR, (c) RF-R, (d) XGBoost-R, and (e) MLP-R.
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(a) LogReg (b) SVC

(c) RF-R (d) XGBoost-C

(e) MLP-C

Figure A.5: Line graphs of F1-score for the MCE of CE with σ = 0, 0.5, 0.75 at trials T1–T6 and for (a)
LogReg, (b) SVR, (c) RF-R, (d) XGBoost-R, and (e) MLP-C.
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(a) LogReg (b) SVC

(c) RF-R (d) XGBoost-C

(e) MLP-C

Figure A.6: Line graphs of F1-score for the MCE of MsC with q = 0, 0.1, 0.3 at trials T1–T6 and for (a)
LogReg, (b) SVR, (c) RF-R, (d) XGBoost-R, and (e) MLP-C.
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(a) LogReg (b) SVC

(c) RF-R (d) XGBoost-C

(e) MLP-C

Figure A.7: Line graphs of F1-score for the MCE of BE with σ = 0, 0.5, 0.75 at trials T1–T6 and for (a)
LogReg, (b) SVR, (c) RF-R, (d) XGBoost-R, and (e) MLP-C.
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(a) LogReg (b) SVC

(c) RF-R (d) XGBoost-C

(e) MLP-C

Figure A.8: Line graphs of F1-score for the MCE of GSA with σ = 0, 0.5, 0.75 at trials T1–T6 and for (a)
LogReg, (b) SVR, (c) RF-R, (d) XGBoost-R, and (e) MLP-C.
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B Further Analyses821

B.1 Classical Error (CE).822

The findings of the statistical analyses are further supported by contrasts’ confidence intervals (CIs) sum-823

marizing the change in performance between measurement conditions under the classical error assumption.824

Figure B.1 (a) and (b) display 95% CIs for contrasts in ∆R2 and ∆MSE for regression, and (c) and (d) display825

95% CIs for contrasts in ∆Accuracy and ∆F1 for classification across trials and models. Consistent with the826

ANOVA results, the contrasts show a systematic degradation in performance as measurement error increases827

from X to W1 and W2, with confidence intervals largely excluding zero across trials. The magnitude of these828

contrasts varies across models and trials, but their direction is stable, confirming that classical error induces829

a robust, practically meaningful reduction in predictive performance rather than a trial-specific artifact.830

(a) ∆R
2 (b) ∆ MSE

(c) ∆ Accuracy (d) ∆ F1-score

Figure B.1: Contrast confidence intervals (CIs) for model performance across trials under CE. The top row
reports regression metrics, including (a)∆R2 and (b) ∆ MSE, while the bottom row reports classification
metrics, including (c) ∆ Accuracy and (d) ∆ F1-score. Each panel corresponds to a different learning
algorithm, with points indicating estimated contrasts and error bars representing 95% confidence intervals
across trials. Results are shown for two error levels (σ = 0.5 and σ = 0.75).

B.2 Misclassification (MsC).831

These patterns are further illustrated by contrast confidence intervals (CIs) summarizing performance832

differences under MsC. Figure B.2, panels (a) and (b), display 95% CIs for contrasts in ∆R2 and ∆MSE for833

regression, and (c) and (d) display 95% CIs for contrasts in ∆Accuracy and ∆F1 for classification across834

trials and regression models. Consistent with the ANOVA results, the contrasts show substantial reductions835

in explanatory power and corresponding increases in prediction loss when moving from the baseline X836

to misclassified inputs Wk. The magnitude of these effects varies across trials and models, with greater837

degradations observed at higher misclassification levels, but the direction of the contrasts remains stable838

across experimental conditions, indicating that misclassification produces a robust and practically meaningful839

deterioration in regression performance.840
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(a) ∆R
2 (b) ∆ MSE

(c) ∆ Accuracy (d) ∆ F1-score

Figure B.2: Contrast confidence intervals (CIs) for model performance across trials under MsC. The top
row reports regression metrics, including (a)∆R2 and (b) ∆ MSE, while the bottom row reports classifica-
tion metrics, including (c) ∆ Accuracy and (d) ∆ F1-score. Each panel corresponds to a different learning
algorithm, with points indicating estimated contrasts and error bars representing 95% confidence intervals
across trials. Results are shown for two error levels (q = 0.1 and q = 0.3).

B.3 Berkson Error (BE).841

The reported Measurement effect corresponds to an overall repeated-measures test across all four measurement842

conditions (X1, X2,W1,W2), rather than separate pairwise tests for the transitions X1 → W1 and X2 → W2.843

Accordingly, a single p-value is reported for the Measurement factor, while differences in the severity of844

performance degradation across specific transitions are evaluated using directional contrasts and their845

associated confidence intervals. Figure B.3, panels (a) and (b), displays 95% contrast confidence intervals846

(CIs) for ∆R2 and ∆MSE for regression, and (c) and (d) display 95% CIs for contrasts in ∆Accuracy and847

∆F1 for classification across trials and regression models. Consistent with the omnibus ANOVA results, the848

contrasts show pronounced reductions in explanatory power and corresponding increases in prediction loss as849

inputs transition from the baseline conditions (X1, X2) to Berkson-contaminated representations (W1,W2).850

The magnitude of degradation varies across trials and model classes, but the direction of the contrasts is851

stable: W2 produces the largest performance deterioration, and W1 exhibits a smaller yet systematic effect.852

Together, these CI-based contrasts confirm that Berkson error induces a robust, practically meaningful decline853

in regression and classification performance across experimental settings.854
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(a) ∆R
2 (b) ∆ MSE

(c) ∆ Accuracy (d) ∆ F1-score

Figure B.3: Contrast confidence intervals (CIs) for model performance across trials under BE. The top row
reports regression metrics, including (a)∆R2 and (b) ∆ MSE, while the bottom row reports classification
metrics, including (c) ∆ Accuracy and (d) ∆ F1-score. Each panel corresponds to a different learning
algorithm, with points indicating estimated contrasts and error bars representing 95% confidence intervals
across trials. Results are shown for two error levels (σ = 0.5 and σ = 0.75).

B.4 Group-Summary Assignment (GSA).855

As in the BE analysis, the reported Measurement effect corresponds to an omnibus repeated-measures856

test across all four measurement conditions (X1, X2,W1,W2), rather than separate pairwise tests for the857

transitions X1 → W1 and X2 → W2. Accordingly, a single p-value is reported for the Measurement factor,858

while differences in the severity of performance degradation across specific transitions are evaluated using859

directional contrasts and their associated confidence intervals. Figure B.4, panels (a) and (b), display 95%860

contrast confidence intervals (CIs) for ∆R2 and ∆ MSE for regression, and (c) and (d) display 95% CIs for861

contrasts in ∆Accuracy and ∆F1 for classification across trials and regression models. Consistent with the862

omnibus ANOVA results, the contrasts show pronounced reductions in explanatory power and corresponding863

increases in prediction loss when moving from the baseline inputs (X1, X2) to group-assigned representations864

(W1,W2). While the magnitude of these effects varies across trials, their direction is stable across models,865

indicating that GSA induces a robust and practically meaningful degradation in regression and classification866

performance.867
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(a) ∆R
2 (b) ∆ MSE

(c) ∆ Accuracy (d) ∆ F1-score

Figure B.4: Contrast confidence intervals (CIs) for model performance across trials under GSA. The top
row reports regression metrics, including (a)∆R2 and (b) ∆ MSE, while the bottom row reports classifica-
tion metrics, including (c) ∆ Accuracy and (d) ∆ F1-score. Each panel corresponds to a different learning
algorithm, with points indicating estimated contrasts and error bars representing 95% confidence intervals
across trials. Results are shown for two error levels (σ = 0.5 and σ = 0.75).

61


	Introduction
	Methods
	Machine Learning Methods
	Monte Carlo Simulation Experiments
	MC Simulation Design

	Results
	Regression Problems
	Descriptive Analysis
	Statistical Analysis

	Classification Problems
	Descriptive Analysis
	Classical Error (CE)
	Misclassification (MsC)
	Berkson Error (BE)
	Group-Summary Assignment (GSA)
	Statistical Analysis

	Post-hoc Power Analysis

	Discussion
	Broader Impact Statement
	Appendix
	Supplementary Tables
	Further Descriptive Figures

	Further Analyses
	Classical Error (CE).
	Misclassification (MsC).
	Berkson Error (BE).
	Group-Summary Assignment (GSA).


