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A Simulation-Based Approach for Quantifying the
Impact of Interactive Label Correction for
Machine Learning

Yixuan Wang
Ronald G. Askin

Abstract—Recent years have witnessed growing interest in un-
derstanding the sensitivity of machine learning to training data
characteristics. While researchers have claimed the benefits of
activities such as a human-in-the-loop approach of interactive label
correction for improving model performance, there have been lim-
ited studies to quantitatively probe the relationship between the cost
of label correction and the associated benefit in model performance.
We employ a simulation-based approach to explore the efficacy of
label correction under diverse task conditions, namely different
datasets, noise properties, and machine learning algorithms. We
measure the impact of label correction on model performance un-
der the best-case scenario assumption: perfect correction (perfect
human and visual systems), serving as an upper-bound estimation
of the benefits derived from visual interactive label correction. The
simulation results reveal a trade-off between the label correction
effort expended and model performance improvement. Notably,
task conditions play a crucial role in shaping the trade-off. Based
on the simulation results, we develop a set of recommendations to
help practitioners determine conditions under which interactive
label correction is an effective mechanism for improving model
performance.

Index Terms—Interactive label correction, label noise, machine
learning, simulation, visual analytics.

1. INTRODUCTION

HE success of machine learning is known to highly depend
T on the quantity and quality of the training data [1], [2],
[3]; however, the process of labeled data acquisition is time-
consuming and cumbersome. To solve this, researchers inves-
tigated collective approaches such as crowdsourcing [4] and
web crawling [5]. Yet, even these methods can introduce label
noise into the data, i.e., data instances are assigned to the wrong
labels. Thus, visual interactive labeling, an Interactive Machine
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Learning (IML) approach, has been proposed to achieve better
data quality and improve model performance. IML is an iterative
process that integrates a human and a machine learning model
to solve complex real-world problems that could not easily be
solved by a human or a machine alone [6]. Visual analytics
research has proposed a variety of frameworks to facilitate the
IML process [7], [8], [9], [10], where visualizations were utilized
to support humans in inspecting suspicious data, and further
labeling or relabeling data [11], [12], [13], [14] or cleaning
mislabeled data [15], [16].

Such visual IML tools have claimed the complementary
benefits between humans and machines to improve machine
learning [12], [15], [17], [18]; however, the relationship between
the costs of human intervention and the benefits of model
improvements in an IML process have not been well studied in
both Visual Analytics and human-computer interaction research
fields. In this cross-cutting paper, we explore the relationship
between the benefits and costs of involving humans in an in-
teractive label correction process. We investigate whether the
benefits (e.g., increased accuracy after interactive relabeling)
consistently outweigh the costs (e.g., human labor cost during
interactive relabeling). The benefits have an extensive scope,
including the potential for humans to enhance the model quality,
gain new insights, establish appropriate trust in the algorithm,
and construct an accurate mental model of the underlying algo-
rithm. Though some benefits can have far-reaching effects, they
are still broad open research questions, e.g., quantifying human
insight, mental models, and trust. To appropriately scope our
analysis, this work focuses on the potential of improving model
quality through interactive label correction. Following the prior
research [19], we quantify human efforts on label correction
as human cost in an interactive label correction process. Based
on the unified workflow for visual interactive labeling (VIAL)
proposed in previous work [11], we simulate different levels
of human effort in correcting mislabels on training data and
quantify benefits by estimating the model performance enhance-
ment on testing data after the label correction. Our simulation
focuses on the best-case scenario where annotators will al-
ways accurately inspect and revise mislabeled instances with
perfect visualization, which serves as an upper-bound for
estimating the potential performance gains in an interactive
label correction process. We call these annotators perfect-
agents. Then, we explore a set of environmental factors that form
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different task conditions for classification, covering the Data and
Learning Model blocks in the VIAL workflow, and study their
influences on the relationship between the costs and benefits of
the simulated human-assisted label correction (covering User
block in VIAL workflow) concerning model performance. We
validate the simulation result on five real-world noisy datasets
(i.e., five noisy label sets of CIFAR-10 data) and develop a set
of recommendations for interactive label correction. We found
that, in our simulated upper-bound scenarios, there exists an
optimal stopping point of label correction indicating the most
cost-effective case. It infers that, in real scenarios, it may be un-
necessary to invest excessive efforts in label correction because
the benefits gained can be marginal as the costs increase, such
as the cost of developing optimal visualizations and correcting
all mislabels. Our contributions include:
® A simulation-based method to explore the relationship
between the cost spent on relabeling and the benefits (i.e.,
cost-benefit trade-off) of interactive label correction.
¢ Evaluating simulation results to identify the task conditions
that most benefit from interactive label correction.
® Providing recommendations to assist practitioners in revis-
iting visualization design for the interactive label correc-
tion process.

II. RELATED WORK

In this section, we review the general IML pipeline, interactive
labeling approaches, and typical methods for evaluating IML
systems.

A. Interactive Machine Learning Pipeline

The IML process is an interactive paradigm that uses human
inputs and verification feedback to build and iteratively refine
a machine learning model [9], [20]. Fails and Olsen [21] were
the first to propose the term IML when they implemented the
train-feedback-correct cycle to enable model developers to re-
vise training data (mark correct pixels on images) to reduce
the errors made by a classifier. Since then, researchers have
worked to define a general IML pipeline that is used extensively
in the visual analytics community. While a variety of IML
pipelines have been proposed (e.g., [8], [9], [10]), the common
features focus on four components: data preprocessing, feature
engineering, model building and selection, and performance
evaluation. In these IML pipelines, humans can interact with any
component to observe the updates in subsequent connected com-
ponents. Furthermore, the former component’s output becomes
the latter component’s input. The typical data preprocessing
component supports data identification, extraction, cleaning, and
transformation to ensure data quality [22], [23], [24]. The feature
engineering component often includes feature generation and
selection to determine the most representative set of features,
often visualized using scatter plots and parallel coordinates [25],
[26]. The model building and selection component focuses
on training various models and interactively exploring their
performance to determine an appropriate model choice. The
performance evaluation component is designed to help analysts
understand under what instances the model may underperform
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and may suggest mechanisms for improving training. Though
recent advanced Al techniques have enabled automation in
processing data, features, and model selection, IML is still an
efficient approach for injecting human knowledge to achieve a
well-performed and customized machine learning model.

B. Interactive Labeling

Learning from a sufficient amount of high-quality data is
pivotal for the success of machine learning techniques, and the
data preprocessing component has generally been recognized
as the most time-consuming with respect to the human effort
required to clean the data [24]. As such, interactive labeling
and relabeling have been major directions in the visual ana-
Iytics (VA) community. These tasks require visual inspections
of salient instances that influence underlying models. In these
interactive visual labeling systems, effective representations of
large-scale instances in 2D space [6], [27] and intuitive interac-
tions with visual interfaces help human annotators make wise
choices of instances for labeling, which can accelerate error
finding and correction. Labeling tasks and their strategies are
also well-studied in the Machine Learning (ML) community.
Techniques such as active learning [11], [13], [14], [28] and
propagation algorithms [15], [29] are applied to reduce human
labor costs by automatically recommending candidate instances
to be labeled. Bernard et al. [30], [31] formalized the instance
selection strategies of data labeling from both the VA and ML
perspectives.

In this paper, we focus on investigating a specific labeling task,
label correction, that impacts the model training and calibration,
where humans can visually identify mislabeled instances and
discover problems within the training data. Humans can interac-
tively review and correct labeled instances through visualization
to steer the model towards expected results [15], [16], [32],
[33]. Researchers in the ML classification domain revealed that
the dataset characteristics significantly affect ML classification
performance and the choice of proper ML algorithms [34],
[35], [36], [37], [38], [39]. Especially when encountering noisy
training data, different choices on ML models can lead to dis-
tinct tolerance to training label noise, i.e., model robustness,
as well as the model classification performance. Prior work
has developed techniques for automatic label correction [40],
[41], or overcoming label noise [42], [43]; however, little work
has investigated the costs and benefits of human-centered label
correction on different types of datasets. Human-centered label
correction enables humans to selectively choose suspicious data
for label cleaning based on their knowledge, thereby optimizing
the model quality enhancement. Also, the instance selection
strategies can greatly influence the efficiency of label correction
on model performance improvement. For instance, previous
work proved the efficiency of applying confidence-based [44],
[45], [46], committee-based [47], [48], [49], [50], and active
label correction [51], [52] methods in detecting label noise and
augmenting classification performance. While we recognize that
a variety of strategies can reduce the cost of interactive labeling,
this paper aims to explore the overall bounds of the problem. To
achieve this, our model focuses on random instance selection,
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using it as a baseline to bound our space within a naive selection
strategy.

C. Interactive Machine Learning Systems Evaluation

The quality of machine learning models can be assessed
through conventional metrics such as accuracy, precision, re-
call, F; score [53], etc., while visual analytics frameworks are
typically evaluated by usability metrics, such as how quickly
and accurately a given task can be resolved [54]. For instance,
Zhang et al. [19], [55] simulated different strategies of labeling
(e.g., fully manual, active learning, fully automatic) to estimate
the cost of interactions in IML systems, where they used the
number of interactions as the estimation of cost. Particularly,
Zhang et al. [19] evaluated the number of interactions needed
to achieve the desired performance in active learning scenarios.
Their results indicate that not every interaction can achieve an
equivalent amount of performance enhancement. Other studies
tracked the user performance in the label correction process.
For instance, Xiang et al. [15] and Bauerle et al. [16] recorded
the number of noisy labels revised or corrected by users, and
Bernard et al. [12] examined two user strategies (labeling a
single or multiple instances at once) for assessing the labeling
efficiency. These works partially revealed the impact of human
effort on the system performance gains (e.g., classification ac-
curacy); however, they did not quantify the impact of the human
intervention or explore how environmental factors can influence
the relationship between human efforts and their corresponding
benefits in the context of interactive label correction.

Other human-centered evaluations are done through user
studies under well-defined conditions with groups of real users,
for example, studies have been conducted to measure how
much time IML systems have saved while solving practical
problems (digitizing data created using paper and pens [55]),
how appropriate trust is established in human-machine team-
ing [56], [57], and the perceived interpretability of a machine
learning model [58]. However, evaluation through empirical
human-subject studies has intrinsic drawbacks. For example,
they may be applicable only to particular domains, hard to
reproduce, or expensive to conduct [59]. To overcome such
issues, model-based evaluation approaches have been developed
for estimating interactive system usability by modeling users’
procedure of completing tasks in the system, such as GOMS
techniques [60], [61], [62]. Additionally, a simulation-based
evaluation framework analytic quality (AQ) was proposed for
measuring the system performance as well as varying user in-
sights over time with different simulated human behaviors [63].
Zhang et al. [64] applied a simulation approach to evaluate the
interfaces for data labeling systems and explored the effect of
simulated factors on user operation time cost, such as interface
layout, application scenario, and default label accuracy. Their
work assumed that users conduct error-free labeling sequen-
tially, and the machine operations time is negligible. Our work
also adopts a simulation-based approach under the perfect-agent
assumption, same as the error-free assumption [61], [64], yet
we mainly investigate the trade-off between the costs in revising
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Input (Cost) Output (Benefit)

The proportion of noisy training
instances corrected by a
perfect-agent (8)

Performance improvement
metrics: D(B, 0), R(B, 0)

Algorithm

« Noise ratio (a)

« Noise type (T) * Machine learning model (f())

Environment

Fig. 1. The simulated process for interactive label correction. The cost refers
to the expense of correcting labels, while the benefit of such correction is
evaluated based on the output of the algorithm. For a given dataset, the simulation
environment can be influenced by various factors: noise ratio, noise type, and
machine learning model.

noisy labels and benefits in machine learning model performance
in interactive label correction scenarios across a large parameter
space, including data characteristics, initial label quality, and
machine learning algorithm. We aim to offer guidance to aid
practitioners in pinpointing the task conditions that yield the
greatest benefits from interactive label correction.

III. SIMULATION APPROACH

To better understand the impact of interactive label correc-
tion, evaluate the potential benefits of human intervention, and
investigate the necessity of chasing perfect correction (perfect
human and visual systems), we simulated humans consequently
revising mislabels in the training data for various classification
tasks with the best-case scenario assumptions. We conducted
the simulation under various task conditions, across a spectrum
of factors, including label noise and machine learning models,
and on various types of datasets (Fig. 1). Our work explores two
key questions:

Q1. What is the relationship between the amount of effort
expended in interactive label correction (costs) and the
improvement in classification performance (benefits)?
Under what task conditions are the costs of interactive
label correction considered worthwhile given the bene-
fits?

In this section, we introduce our simulation methodology,
including how we created different simulation environments
(i.e., task conditions), emulated the costs of interactive la-
bel correction, and evaluated the corresponding benefits for
system performance upon label correction. We assume best-
case scenario to simplify the simulation and explore the
upper-bound of potential benefits from interactive label cor-
rection through visual analytics solutions. Our assumptions
include:

® We assume perfect-agents, where annotators will utilize

a visual analytics process that will allow them to always
identify and inspect some proportion of the mislabeled
training instances and accurately revise their labels to the
associated ground truth labels (correctness = 100%).

Q2.
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® We assume that the visual interface is entirely effective
in revealing mislabels, aligning with the perfect-agents
assumption.

® We assume random selection for the strategy of selecting
mislabeled training instances for label correction, serving
as our initial step to explore the overall bounds of the inter-
active label correction problem. Although a well-formed
visual analytics framework could increase the efficiency
of the label correction process (e.g., suggest revising the
mislabeled instances that are most influential on classifica-
tion performance enhancement), our upper-bound analysis
allows us to determine if the application of visual analytics
will be worth the return on investment.

e We assume a single-iteration intervention on cleaning
mislabeled training instances, serving as a simplified im-
plementation for the general interactive label correction
process.

A. Simulation Environment

We simulated the labeling environments by varying two main
parts in VIAL workflow [11]: labeled datasets and machine
learning models. The datasets can be varied based on two label
noise properties, namely noise ratio and noise type. With all
the generated factors, we investigated the relationships between
human intervention in label correction and model performance
improvements. To obtain generalized results, our investigation
explored one image dataset and one text dataset, sampling
multiple subsets of data from each based on different classes
(discussed in Section IV). Given a classification problem with
a dataset and its associated label set £, we assumed that each
given data was labeled correctly initially. In order to quantita-
tively measure the performance gain from interactive relabeling
training data, we purposely corrupt the training data to derive a
contaminated training set while keeping the test set always clean.
Inspired by studies on label noise in the ML community [65],
[66], [67] where they tuned algorithms with various types of
noise in a wide range of noise ratios, our work defined different
noise conditions by diverse noise type (7') and noise ratio
(a). Noise type is a function that controls the distribution of
label assignments for training instances during the corruption
process, and noise ratio is the proportion of mislabeled training
instances among all training instances. Thus, for a given clean
training data, we can create numerous corrupted training sets
that vary based on the different levels of 7" and «. We then
trained a classifier f() on a contaminated training set, resulting
in a classifier fo() and its accuracy accy on a set of test data
withheld from training. This allows us to quantify a baseline
model classification performance with the contaminated training
set, where no relabeling has occurred.

B. Cost Simulation

Using the contaminated training sets, we can examine the
impact of humans in the interactive label correction process
(i.e., User in VIAL workflow). To provide an appropriate frame-
work for evaluating the potential effects of interactive label
correction, we parameterized the cost of label correction in this
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|
Clean Instances
Mislabeled Instances
[ corrected Instances
B=0% B=20% B=40%

Fig.2. Anexample of varying cost on label correction /3 (i.e., the proportion of
noisy training labels corrected by a perfect-agent) in interactive label correction
given a noise ratio (o« = 0.5). In this scenario, a corrupted training set exists
where half of the training instances are mislabeled (left). A perfect-agent then
randomly revise 20% (middle) and 40% (right) of noisy training instances and
correct their labels to the ground truth.

simulation. We quantified the effort on interactive label cor-
rection by measuring the proportion of mislabeled instances
corrected by a perfect-agent, among all noisy instances in the
training set (/3)(as shown in Fig. 2). We varied the levels of 3
in the range of (0%, 100%] with a step size of 10% to simu-
late a human subsequently correcting mislabeled instances in a
training set, where 8 = 0% shows the baseline case without any
label correction. The variable 3 serves as an decision variable of
the simulation, which is directly tied to the cost in the simulated
interactive label correction process. We use the proportion [3
instead of the absolute number of corrected instances to allow
direct comparison across different dataset sizes.

C. Benefit Evaluation

After simulating a perfect-agent to correct (3 percent of noisy
labels in a training set, we train a classifier f3() on the modified
training data. With the classifier, we can further evaluate it on
a testing set, where all testing instances are assumed to have
correct labels. Our work focuses on the classification perfor-
mance improvement achieved by label correction under various
conditions, regarding the classification accuracy improvement
(on the test set) as the primary measure of the benefits of
interactive label correction. Thus, we let accy denote a baseline
classification accuracy without relabelling, and accg denote the
accuracy after relabeling 3 percent of noisy training instances.
Further, we use accg and the baseline accuracy accy to form
two evaluation metrics to assess the potential benefits of model
classification accuracy after engaging effort on label clean: Im-
provement in Accuracy (1), and the Proportion of Reduction in
Inaccuracy (2):

D(8,0) = accg — accy (D
R(8,0) = ‘wfﬁ_i;c‘f” @)

We note that in a general visual interactive label correction
process, there is a feedback loop between humans and the
machine learning model. Humans subsequently clean labels in
the training set, and the machine learning model is iteratively
retrained on the updated training set. In this loop, training data
and their labels are visualized in a graphical interface to assist
humans in identifying mislabeled instances. As such, the overall
cost and benefit of the human-assisted label correction would
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TABLE I
THE DETAILED INTERACTIVE LABEL CORRECTION SIMULATION ENVIRONMENT SETUPS FOR TWO DATASETS: FASHIONMNIST AND AGNEWS-10PCT, INCLUDING
ALL LEVELS OF MACHINE LEARNING MODEL (f()), NOISE TYPE (T), LABEL SET SIZE (|£|), AND ITS CORRESPONDING CLASS LABEL SET (£)

Machine . Label Set Dataset Size
Dataset . Noise Type (7)) N Label Set (£)
Learning Model (f()) Size (|£]) Train Test
) CNN, Random Forest, Decision | NCAR, NAR, NNAR 10 | 60000 | 10000 (0,1,2,3,4,5,6,7.8,9)
FashionMNIST | Tree, LinearSVC, Logistic
Regression NCAR, NNAR 2 | 12000 2000 | (2, 4), (2, 6), (4, 6),(0,6), (1,9, (4,7, 4,5), 0,7
BiLSTM. Multinomial Naive NCAR, NAR, NNAR 4 12000 2000 (0,1,2,3)
AGNews-10pct B S’GD Classifi
ayes, asstiier NCAR, NNAR 2 | 6000 | 1000 0,1), (0,2), (0,3), (1,2), (1,3), (2,3)

depend on the usability of a specific visual analytics system. For
example, an imperfect visual interface can misreport a correct
label, which would then be inspected by an annotator. We reserve
the evaluation of the visual inspection interface and imperfect
label correction for future work.

IV. SIMULATION ENVIRONMENT DESIGN

We simulated perfect-agent to clean training mislabels
through an ideal visual analytics interface under various task
conditions. Different task conditions were formed by varying
levels of three environmental factors hypothesized to impact the
performance of a classifier in the presence of noise. These factors
belong to two categories: data and algorithm (Fig. 1). The effects
of environmental factors are explored by a full factorial design
through the simulation. In order to investigate the generalization
of the cost-benefit trade-off in visual interactive label correction,
we perform the simulation on two datasets with various task
conditions. We used high-performance computing nodes that
are equipped with Intel Xeon E5-2680 v4 CPUs and NVIDIA
A100 Tensor Core GPUs to implement the simulation in image
recognition tasks with FashionMNIST dataset [68], and text
classification tasks with sampled AGNews dataset [69].

A. Data

1) Dataset: To obtain a generalized quantification for the
impact of interactive label correction, our simulation was
implemented on two different types of datasets: one multi-
class image dataset—FashionMNIST, and one natural language
dataset, which is sampled from a large-scale multi-class text
classification benchmark dataset—AGNews dataset. These two
datasets are widely used in model robustness and label noise
research [41], [65], [70], [71], [72]. The FashionMNIST dataset
is a 10-class image classification dataset including pictures of
fashion products (e.g., dresses and sandals). It contains 60,000
training instances and 10,000 test instances. Instances in the
training and test sets are evenly distributed across ten classes.
The entire AGNews dataset consists of 120,000 news articles in
a training set and 7,600 news articles in a test set; instances in
each set are evenly distributed across four topics: world, sports,
business, and science. Due to the computational limit, we used
a sampled AGNews dataset in this study by randomly sampling
10% to create training instances from each of the four classes
in the AGNews dataset. Since a test set was expected to contain
enough representative data instances, 500 test instances (around
26%) were randomly sampled from each class. In summary, the

sampled AGNews dataset contains 12,000 training instances and
2,000 test instances. We denoted the sampled AGNews dataset
as AGNews-10pct. Additionally, to better generalize the effect
of label correction on datasets with varying complexity, we
also implemented the simulation with binary datasets that were
formed by randomly sampling two classes from the original
label set L. Specifically, eight binary subsets were sampled
from the FashionMNIST dataset, and six binary subsets were
sampled from the AGNews-10pct dataset. Including the original
multi-class FashionMNIST and AGNews-10pct dataset, there
are 16 different datasets in total for our simulation (Table I).

2) Noise-Related Factors: Since the different amounts and
types of label noise have been found to have distinct impacts
on classifier performance, we are interested in the influence of
different label noise attributes on the relationship between costs
and benefits of interactive label correction, including the noise
ratio (a), which is the percentage of mislabeled instances in a
training set, and the noise type (T'), which defines the distribution
of label errors in the training set. A statistical taxonomy of label
noise [73] identifies three noise types. We simulate these noise
types using noise models described by Algan and Ulusoy [65]:

Noisy Completely at Random ( ) Model: The
model assumes that label errors occur independently of features

and ground truth labels. To simulate , we generate uni-
Jform label noise by randomly sampling the « proportion of data
instances in each class and then assigning incorrect labels to the
sampled instances with equal probabilities of all other classes.

Noisy at Random ( ) Model: The model assumes
that label errors occur independently of features but depend on
ground truth labels. For example, instances in one class are more
likely to be mislabeled as similar classes. To generate class-
dependent noise, we first trained a neural network on the clean
training set. Then, we used the classification confusion matrix
on the test set as the noise transition matrix to identify the most
similar class for each class. Finally, we diluted an o proportion of
training instances that were randomly sampled from each class
based on the confusion matrix such that similar classes are more
likely to be mislabeled as each other.

Noisy Not at Random ( ) Model: The model
assumes that label errors occur depending both on features
and ground truth labels. For example, instances from different
classes with similar features are more likely to be mislabeled
as one another. In the simulation, we applied a label corruption
method [74] to generate localized label noise by using a KNN
model on the training data and then corrupting neighbors in a
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class by assigning instances in the cluster to the same wrong
labels, with the noise ratio.

As discussed in Section III, we simulate interactive label
correction using synthetic label noise, starting with a dataset
assumed to be clean initially. This means that each data instance
was labeled with its ground truth. Then, we introduce label noise
with a certain noise ratio « by artificially mislabeling the «
proportion of training instances with a chosen noise type (7"),

while keeping the test set clean. Since synthesizing and

noise in the binary simulation may generate similar
noisy training sets, we only corrupted the binary training sets

with and noise types. Inspired by Algan and
Ulusoy [65], we corrupted the training set with 13 levels of
noise ratio (o) ranging from 0.05 to 0.65 with a step size of 0.05
for each noise type (7). In the simulation, we ensure that no new
instances are added to the dataset upon corruption and that all
noisy labels exist in the set of ground truth labels £ such that
each noisy instance can be relabeled with a known class in L.
Operations such as identifying instances of unknown classes or
removing outliers are not considered in this simulation.

B. Algorithm

Finally, we explore how distinct classifiers influence results.
Different machine learning algorithms f() can have drastically
different performances in the same classification task. Adopting
an appropriate machine learning model is crucial for achieving
good classification performance. In interactive label correction,
the classification performance improvement is not only affected
by the noise of a training set after label correction but also the
robustness of an algorithm under the label noise conditions.
As such, we investigated how the label correction process
improves the model quality of different machine learning
models by using several basic and popular classifiers for each

dataset (Table I). Since is a popular and commonly

used model for image classification [75], we build a
model with five hidden layers for the FashionMNIST dataset.
We also examined four other benchmark classifiers for the
FashionMNIST dataset as explored in Xiao et al. [68]: Random

Forest (), Decision Tree ( ), LinearSVC| and Logistic

Regression (). For the AGNews-10pct dataset, we trained
three other representative classifiers: Bidirectional LSTM

(BILSTMJy [76], Multinomial Naive Bayes (MNB)) [77],

and Classifier [78], which are well studied in the text
classification domain with the original AGNews dataset. We
specifically tuned these models with the AGNews-10pct dataset,
the sampled 10% of AGNews training data. The details of model
parameters and the code for model training on our simulated
datasets are included in the supplemental materials.! Since
models with similar architecture may exhibit similar robustness
attributes [79], our work starts with simple yet fundamental ML
models derived from different architectures (e.g., tree-based,
neural-network-based) for both datasets. This serves as our
initial exploration into the cost-benefit relationship of interactive

![Online]. Available: https:/github.com/VADERASU/cost-benefit-interact
ive-label-correction
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label correction. Our goal is to benchmark the impact of
interactive label correction on enhancing model quality and to
investigate its generalizability across diverse ML model archi-
tectures. In future simulations, advanced ML techniques for im-
age and text classification will be incorporated, such as VGG for
the fashionMNIST dataset and BERT for the AGNews dataset.

V. RESULTS

In this section, we present the analysis of the simulation results
and highlight the key findings observed during the simulation.
Table II provides a summary of the simulated factors and the
evaluation metrics used in our simulated interactive label cor-
rection process.

A. Statistical Analysis

As noted in Section III, we simulated varying cost levels for
interactive label correction by controlling the proportion of mis-
labeled instances corrected by a perfect-agent (5) and measured
the corresponding benefits in terms of two metrics: D(S,0)
and R(f3,0). In this work, we employed one-way and two-way
ANOVA (analysis of variance) models with these two evaluation
metrics as response variables. Since we aimed to examine both
single-factor effects and associated interaction effects of sim-
ulated factors on the classification performance improvement
during the interactive label correction process, we employed
Type I Tests of Fixed Effects (F'-tests) to analyze the simulation
result. Specifically, to answer Q1, we studied the relationship
between the effort expended in interactive label correction (i.e.,
costs) and the associated model performance improvement (i.e.,
benefits) by examining if the same level of cost consistently leads
to the same level of benefits. We used the difference between
two consecutive (3 values as response values for each evaluation
metric, denoting the benefits of each 10% label correction.
For instance, R(20%,0) — R(10%,0) denotes the benefits of
further correcting another 10% mislabels after 10% label noise
has been corrected by a perfect-agent, considering the metric
R(3,0). With regard to Q2, we constructed generalized linear
models (JMP version 17) using a full factorial combination of
three environmental factors (noise ratio, noise type, and machine
learning model) and the variable /3 with D(3,0) and R(f3,0) as
response variables. We built binary and multi-class classification
separately for both FashionMNIST and AGNews-10pct with
respect to the two response variables, resultingin2 x 2 x 2 =8
statistical models. Using these models, we identified the signif-
icant influence of the environmental factors and their interac-
tion effects on the cost-benefit relationship of interactive label
correction (Appendix Table A.1). In the subsequent analysis,
we discuss the simulation results for the FashionMNIST and
AGNews-10pct datasets, and illustrate the varying trends in cost
and benefit using average raw data values (associated standard
deviation values are attached in supplemental materials). Due
to the different levels of noise types simulated in binary and
multi-class classification simulations, we report their results
separately for each dataset. As listed in Table I, for the simulation
of FashionMNIST image classification, we explored 13 noise
ratios, five models, and ten values of (3. Multi-class simulation
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TABLE IT
KEY TERMINOLOGIES AND NOTATIONS USED IN THE SIMULATION
Notation Description
153 The proportion of mislabeled instances corrected by a perfect-agent among all noisy instances in the
training data, measuring the cost of human effort in simulated interactive label correction process. In the
simulation, 8 = {0%, 10%, 20%, 30%, 40%, 50%, 60%, 70%, 80%, 90%, 100%}
D(B,0) Improvement in classification accuracy of a machine learning model, measuring the benefit of simulated
interactive label correction process.
R(S,0) The proportion of reduction in the inaccuracy of a machine learning model, measuring the benefit of
simulated interactive label correction process.
Z Average benefit-cost ratio, measuring the average benefit (D (3, 0) or R(/3,0)) gained from a single cost
(B) unit in the simulated label correction process.
70 Machine learning classifiers that categorize data into predefined classes based on learned patterns in
the training data. The simulation includes eight different machine learning models:
[LinearSVC] [BILSTM
« The noise ratio, controlling the amount of label noise in the training data. In the simulation, o =
{0.05,0.10, 0.15,0.20,0.25, 0.30, 0.35, 0.40, 0.45, 0.50, 0.55, 0.60, 0.65}
T The noise type, controlling the distribution of label error in the training data. The simulation includes
three different noise types:
Binary Classification A type of machine learning task where the goal is to categorize data into one of two distinct classes.
Multi-class Classification | A type of machine learning task where the goal is to categorize data into one of several possible classes.
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For further details, please refer to sections III and IV.

trials were simulated on one 10-classes dataset (i.e., the orig-
inal FashionMNIST dataset) with three noise types, resulting
in 13 x 5 x 10 x 1 x 3 = 1950 conditions. Binary simulation
trials were executed on eight 2-classes datasets with two noise
types (NCAR and NNAR), resultingin 13 x 5 x 10 x 8 x 2 =
10400 conditions. For the AGNews-10pct text classification,
we explored 13 noise ratios, three models, and ten values of
(3. Multi-class simulation trials were simulated on one 4-class
dataset (i.e., the original AGNews-10pct dataset) with three
noise types, resulting in 13 x 3 x 10 x 1 x 3 = 1170 condi-
tions. Binary simulation trials were executed on six 2-classes
datasets with two noise types (NCAR and NNAR), resulting
in 13 x 3 x 10 x 6 x 2 = 4680 conditions. We performed ten
repeated measures of each condition by randomly shuffling
the training data, generating (1950 + 10400) x 10 = 123500
trials for the FashionMNIST dataset and (1170 + 4680) x 10 =
58500 trials for the AGNews-10pct dataset. Among them, 760
trials of the FashionMNIST dataset were removed where accy =
100%, as label cleaning was not expected to increase the classi-
fication accuracy when the initial accuracy was already at 100%.
Thus, 122740 FashionMNIST trials and 58500 AGNews-10pct
trials in total were used for analysis.

B. Impact of Interactive Label Correction

Our results show that simulated interactive label correction
improves the machine learning model classification perfor-
mance in 97.4% of FashionMNIST multi-class trials, 95.4%
of FashionMNIST binary trials, 95.8% AGNews-10pct multi-
class trials, and 94.0% AGNews-10pct binary trials. How-
ever, in the other trials, the simulated perfect-agent caused
a decrease in the classification accuracy on test data, with
averages of D(,0) = —0.2%, R(5,0) = —1.2% in Fashion-
MNIST multi-class simulation, D(3,0) = —0.5%, R(3,0) =
—26.3% in FashionMNIST binary simulation, D(5,0) =
—0.7%, R(5,0) = —3.3% in AGNews-10pct multi-class simu-
lation, and D(/3,0) = —0.4%, R(3,0) = —7.9% in AGNews-
10pct binary simulation. The accuracy deterioration mostly

occurred in a trial with a small noise ratio (e.g., o < 0.1), where
the model baseline accuracy (accy) was relatively high. It may
be due to overfitting (a training set is overly clean) or a model
itself being too sensitive to outliers. These examples suggest
that there are risks for correcting labels, and interactive label
correction could reduce model accuracy when the noise ratio
is small.

To understand the impact of interactive label correction, we
varied the [ values and examined the trend of average per-
formance gain as [ increases. The value of 8 quantifies the
effort expended by a perfect-agent on revising mislabels, and
we explored ten values of 8 = {10%, 20%, . ..,100%} in our
simulation. As shown in Fig. 3, the values of D(/3,0) and
R($,0) grow as the value of 8 increases in both the binary
and multi-class classification simulations. This is expected since
larger § values indicate more mislabeled training labels were
corrected for a given dataset. However, as 3 increases, the growth
of both benefit metrics gradually flattens out, which implies
a decreasing trend of marginal performance gains (Appendix
Table A.2). In other words, each additional unit increase in /3
yields a smaller average performance gain than the previous
unit. This pattern becomes more evident as the noise ratio
increases. To examine the decreasing trend, we further built a
one-way ANOVA model using [ as the independent variable,
with marginal performance gains (i.e., D(81,0) — D(82,0);
R($1,0) — R(fB2,0)) as the response variables. Regarding ten
values of 3, the particular D(S1,0) — D(f2,0) values used
in the statistical test are two consecutive (3 values such as
D(20%,0) — D(10%, 0), D(30%,0) — D(20%, 0), for explor-
ing the effect of each further 10% label correction. Type III
Tests of Fixed Effects were conducted to compare D(51,0) —
D(B2,0) and R(B1,0) — R(B2,0) for all trials, confirming the
significant difference of nine consecutive pairs of 3 values (Ap-
pendix Table A.3). Moreover, Tukey’s HSD tests were applied
to obtain the pairwise comparison. The results show that, in
general, as [ increases, the associated D(f1,0) — D(f2,0)
values (i.e., marginal performance gains) are significantly
decreasing.
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Average classification performance improvement (y-axis) with increased cost for label correction (x-axis) for the (a) FashionMNIST dataset and

(b) AGNews-10pct dataset. Performance improvement increases asymptotically with 5 in simulations for both binary and multi-class classifications.

Overall, the amount of interactive label correction does
not have a linear positive relationship with the improve-
ment of a classifier. The simulation of perfect-agent in-
teractive label correction on both the FashionMNIST and
AGNews-10pct datasets exhibits a decreasing effect on the
marginal absolute (D(,0)) and relative (R(3,0)) potential
performance gains with every additional 10% label noise
correction. This trend also implies that there might exist an
optimal /3 value (i.e., cost on label correction) that can achieve
the expected net benefit (i.e., total benefit after subtracting all
cost) before fully cleaning the label noise in the training data. It
might be due to the size of the label noise decreases with more
label errors being corrected, and a classifier can usually mitigate
the impact of noisy instances by smoothing or ignoring a small
number of outliers due to its robustness.

C. Impact of Environmental Factor

When inspecting the intersection of significant terms in the
full factorial design analysis (Appendix A Table A.1), we iden-
tified environmental factors that interplay with the cost of label
correction (/3). Type III Tests of Fixed Effects proved statistical
significance in both evaluation metrics for the interaction ef-
fects between environmental factors in both FashionMNIST and
AGNews-10pct simulations (Appendix A Table A.4— A.11). Our
analysis results show that the interaction effect of « x (3 is the
most influential term for the average performance improvement,
as it directly determines the amount of mislabels modified by
annotators for a given dataset. Moreover, we discovered inter-
plays between the 3 and the interaction terms of noise ratio
and noise type (a x T'), as well as between noise ratio and
model (o x f()). Their interaction effects had a more substantial
impact on enhancing classification performance compared to
just the 7" or f() alone. These statistically significant terms
confirmed that environmental factors considerably influence the
cost-benefit relationship of interactive label correction. Further
details about these impacts are described later in this subsection.

Noise Ratio: To understand how noise ratio affects the re-
lationship between label correction and derived performance
gains, we inspected the change in two benefit metrics across
diverse ( values with varying noise ratios («). As illustrated

Multi-class Classification Binary Classification
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Fig. 4. Average classification performance improvement (D(/3,0)) with an
increased value of noise ratio («) and different levels of 3 (shades of purple)
for label correction on the FashionMNIST and AGNews-10pct datasets. All
3 values exhibit increasing performance improvements with higher «, but for
lower 3 values, this improvement is notably limited.

in Fig. 4 and Appendix Figure C.1, the average classifi-
cation performance gains, D(3,0) and R(f,0), generally
increase as the noise ratio rises. The trends observed for
B = {40%, 60%, 80%,100%} are more or less similar: the
slopes become steeper in the middle range and then flatten
out for both binary and multi-class classification. Yet, with
B = 20%, the performance gain grows more slowly than 5 =
{40%, 60%, 80%, 100%}. Further, both D(3,0) and R(3,0)
flatten out in multi-class classification and there are even sig-
nificant drops at the end for binary classification. The pattern
reveals that a smaller degree of human effort (e.g., 3 = 20%
or 40%) under large noise ratios may not lead to sufficient
classification performance improvement, especially in binary
classification, because the remaining large proportion of label
noise in the training set could still severely affect the perfor-
mance. Conversely, correcting at least 50% of label noise is
more likely to attain relatively satisfying performance gains.
We also analyzed two significant interaction effects, noise
type x noise ratio (7' x «) and machine learning model x
noise ratio (f() x «), and explored how they interplay with the
cost of revising labels (). Specifically, we compare the trends
associated with noise type (7) or machine learning models
(f()) under diverse noise ratios and discuss the impact of the
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Small multiple plots illustrating two interaction effects: (a) Noise Type x Noise Ratio and (b) Machine Learning Model x Noise Ratio. Each chart

shows the relationship between cost (3 values) on the z-axis and derived benefit (average D(/3,0)) on the y-axis. Charts are organized by noise ratios o =
{0.05,0.25,0.45,0.65} (rows) and classification settings (columns), showcasing how interaction effects affect the cost-benefit relationship.

interaction effect on the relationship between costs and benefits
of interactive label correction. Fig. 5 presents the average im-
provements in classifier performance for different 7" and f() in
our simulation, with regard to the metric D(3, 0). The patterns
observed for the metric R(/3,0) are similar and can be found in
Appendix Figure C.2.

Noise Type x Noise Ratio: As shown in Fig. 5(a), we observed
linear increasing trends as 3 increases for both evaluation met-
rics under the small noise ratio in both binary and multi-class
simulations for FashionMNIST dataset, regardless of the noise
type. Nonetheless, the magnitude of these increases is minimal,
almost negligible. As the noise ratio increases, the growth in ben-
efits starts to flatten out, especially when correcting more than
40% of label noise in the training data, revealing a diminishing
effect of further correcting label noise across noise types. When
comparing the difference in benefits gained from interactive
label correction among noise types, for multi-class classification,

cleaning and label noise yields similar benefits
on performance enhancement, yet correcting mislabels
can achieve a much greater benefit than and when

a < 0.45 for the average D(3,0) and « < 0.3 for the average
R($,0). This is likely because models are less robust to the

noise type [65], compared to the other two noise types.
Interestingly, as a: grows beyond these thresholds, the benefits
of revising noise reach close to and even can exceed the
benefits of revising noise when a certain proportion of
training mislabels have been revised. This pattern indicates that

it becomes more worthwhile to clean noise when more

than half of the training instances are mislabeled. It may be
because mislabeling over 50% training instances to their most

similar classes, i.e., label noise, might alter the decision
boundaries of the classifier the most seriously compared to the

other two noise types. On the other hand, revising noise
consistently generates the least average performance gains in
multi-class simulation. Similarly, in binary simulation, revising

label noise was found to yield significantly greater

performance gains than when a < 0.5. Yet, the small
amount of effort in label correction for NNAR noise becomes
less beneficial in improving classifier performance compared
to NCAR noise type when the noise ratio is getting larger.
Along with the noise ratio rising to 0.65, we observed that
revising noise is more beneficial for augmenting clas-
sification performance than across most levels of (8
for both evaluation metrics. It may be because mislabeling a
larger portion of uniformly distributed data in a binary clas-
sification dataset makes it harder to create an accurate decision
boundary compared to mislabeling only localized data. Unlike in

multi-class simulation, where noise consistently results
in the lowest average performance gain, in binary simulation,

correcting noise can, with an increasing noise ratio,

potentially surpass the performance gain achieved by correcting
noise.

Binary and multi-class simulation results for AGNews-10pct

data show a similar benefit growth trend among all noise

types. Specifically, when o < 0.35, the performance gains (both
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D(,0), R(B,0)) rise steadily with increased label correction
cost. However, for larger noise ratios, the increase in per-
formance gains started to slightly flatten out as 3 increases.
In the multi-class simulation, when a < 0.3, the performance
improvement obtained from cleaning distinct types of noise is

almost indistinguishable. However, revising and
noise becomes more beneficial as the noise ratio grows over
0.3, then yields significantly greater performance gains than

modifying noise when « reaches 0.45. By the time the
noise ratio increases to 0.65, we observed that label correction
on noise generally attains the greatest performance gains,
especially for D(3,0). Likewise, results of binary simulation

also indicate that revising and noise can yield a
similar level of performance gains under a < 0.25 for D(/5,0)
and o < 0.15 for R(8,0). When the noise ratio becomes larger,

modifying noise shows more potential for achieving

performance enhancement than noise. Surprisingly, by

around o = 0.6, the impact of revising noise again
reaches close to, and then exceeds, that of . Overall,
in both FashionMNIST and AGNews-10pct simulations, the
same level of cost on label correction can result in different
levels of performance gains under distinct noise conditions,
in terms of noise ratio (o) and noise type (7). The two
noise-related factors interplay on the performance gains.
In general, cleaning label noise is more effective in
improving model quality than cleaning the other two noise

types ( , ) when less than half of training data
are mislabeled. Yet, when more label noise exists, the noise
types that are more likely to obscure boundaries between classes

( for multi-class, for binary) are more harmful to
the model performance. Thus, revising these mislabels becomes
more crucial for enhancing model performance.

Machine Learning Model x Noise Ratio: In the Fashion-
MNIST simulation, we explored the effect of label correction

across five models: , Random Forest (), Decision Tree
(DT, [LinearSVC| and Logistic Regression (LR)). As Fig. 5(b)

shows, the FashionMNIST multi-class simulation results show
that achieved the greatest improvement in performance
when o < 0.25. We also observed that the enhancement of the

LinearSVC] model classification performance is close to that
of around e = 0.3, and |LINearSVC] penefitted the most

from label corrections when « € [0.35,0.55] and « € 0.4, 0.5]
for D(/3,0) and R(f3,0) correspondingly. When the noise ratio
becomes larger than these ranges, the impact of a relatively small

cost (e.g., < 50%) on label correction for the (LinearsVe

model decreases. The patterns of , , and models
are more or less similar, where revising label errors normally
contributes to comparably less performance improvement for
these classifiers. Conversely, the binary simulation results on
FashionMNIST data show a different pattern that the interactive
label correction has the most remarkable impact on the

model when « is relatively small. As the noise ratio rises,
the effect of revising mislabels on performance gains for other
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models reaches close to and even exceeds the model. When
« > 0.45, the model attains the least performance gain
with regard to both evaluation metrics, while the other four

models (CNN] (RF] (LR], [LinearSVClJ yield a similar level of

impact. Surprisingly, we notice that when the noise ratio is small
(o = 0.05), correcting no more than 20% of the mislabeled data
for the model, and no more than 90% of the mislabeled
with the model provides limited benefits and may
even undermine the model classification performance with re-
gard to the average R(3,0).

In the AGNews-10pct simulation, we adopted three other
models: (BILSTM] [MNB] and (SGDJ. In multi-class simulation,
we noticed that the same effort for label cleaning typically yields

greater benefits to the BILSTMJ model when « < 0.3, while
label correction results in a smaller magnitude of performance

enhancement (compared to (BILSTMJ) but similar gains for the
and classifiers. As the noise ratio increases beyond

the threshold, the benefits of cleaning noisy labels for the
classifier keep growing and eventually resulting in the greatest
performance gains, yet label correction still generates the least

benefits for the model when a < 0.45. Upon exploring
different cost levels of label correction, we noticed an interesting
pattern under relatively large noise ratios, particularly when
a > 0.5: cleaning a small proportion of mislabels can yield

the greatest average performance gain for the model
compared to other models, but the least for the BIiLSTMJ, while
the benefits of label correction for the (BILSTMJ model surge as

[ increases, and eventually exceed the model. The binary
simulation of AGNews- 10pct data reveals a similar pattern for all
three models, except that label correction always attains a similar

level of benefits for the and classifiers across all
levels of 3.

In summary, even though the patterns of varying models
of FashionMNIST and AGNews-10pct dataset are not directly
comparable due to their use of entirely distinct sets of machine
learning models, both simulation results suggest that the
same extent of label correction yields different magnitude of
benefits (i.e., model performance enhancement) depending
on the type of machine learning models (f()). Those effects
vary along with the noise ratio («). Notably, we observed the
diminishing effect of marginal performance gains of further
correcting label noise for most machine learning models in
both FashionMNIST and AGNews-10pct datasets, except for

the (BILSTM] model, where a steadily increasing linear effect on
benefits of performance gains as [ increases was observed.

D. When to Apply Interactive Label Correction

To drill down into which task conditions benefit the most from
interactive relabeling, we further explore how three environmen-
tal factors (noise ratio, noise type, and machine learning model)
jointly affect the relationship between cost and corresponding
benefit. Inspired by previous works [80], [81], we derived a
benefit-cost ratio to evaluate which task conditions benefit the
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most from interactive label correction. We used our simulated
cost (3) and one of the benefit measures (D(S, 0) or R(/3,0)) to
calculate the average benefit-cost ratio (Z) across ten repeated
measures for each environmental condition:

S°10. Benefit;

L ===—"T 3)
10x B3

This ratio describes the average benefit gained from a single
cost unit and can reveal the trade-off between the cost and
benefit, for a given task condition in our simulation. Fig. 6
shows the average benefit-cost ratio in all simulated conditions,
with regard to the benefit metric D (3, 0) (Appendix Figure C.3
for R(,0)). Across all conditions, there is a common pattern
where the effect of cleaning label noise generally diminishes as
more label errors are corrected, while the diminishing effect is
more pronounced under larger noise ratios. Moreover, we found
that it is less worthwhile to correct label noise under small
noise ratios (e.g., a < 0.2), compared to larger noise ratios.
However, when there are more noisy labels in a training set,
more label corrections (larger 3 value) are needed to achieve the
optimal benefit-cost ratio. For example, modifying 10% of label
noise can generally achieve the greatest benefit-cost ratio when
o = 0.45, while cleaning just 10% of label errors is not sufficient
to attain the best benefit-cost ratio at « = 0.65. These patterns
indicate that a sufficient amount of clean data can aid in building
a well-performing classifier, even if some label noise remains in
the training data. However, the benefit-cost ratio exhibits slightly
different trends across different noise types, models, and datasets
(FashionMNIST vs. AGNews-10pct, multi-class vs. binary). For
instance, in the FashionMNIST multi-class simulation, revising
NCAR noise yields much greater benefits in improving model
quality for the LinearSVC model than other models; in the
simulation on AGNews-10pct data, label correction under small
noise ratios is more beneficial for the BILSTM model compared
to others. Additionally, the average performance gain for the
BiLSTM model shows a linear increase as 3 grows.

Overall, the findings are consistent with the discussion in
Section V-B and V-C. This phenomenon also indicates that
when designing visual analytics systems, we would also need
to consider the costs in the design process. Though perfect vi-
sual analytics tools can assist people in detecting all wrongly
assigned labels effectively, the costs for developing such tools
can be too high and may not be worthwhile considering
the benefits gained from the model performance gain. A
reasonable, well-formed visual analytics system may provide
the most cost-effective solutions for label correction tasks.
Also, in the correction process, it is crucial to raise people’s
awareness about the delicate balance between human effort
(cost of correcting labels and developing visual analytic in-
terface) and potential gains (benefits of model performance
improvement). For instance, when annotators encounter vary-
ing environmental conditions during relabeling tasks, the visual
interface should empower them to thoroughly examine the cost-
benefit relationship under different scenarios (e.g., given noise
ratio, noise type, and machine learning model). This allows for
informed decision-making and facilitates comparative analysis.
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Fig. 6. Comparison of average benefit-cost ratios (Z), defined as the average
performance gain of D([3,0) achieved by per unit of cost on label correction,
among all conditions consisting of diverse levels of noise types (z-axis), and
noise ratios and machine learning models (y-axis) in FashionMNIST and
AGNews-10pct simulations. The color scale encodes the value of the benefit-cost
ratio after a logarithmic transformation, where darker shades of green denote
higher Z values, denoting conditions that are more worthy of interactive label
correction.

VI. REAL-WORLD LABEL NOISE VALIDATION

We validated the results of the simulation of interactive label
correction on real-world noisy datasets—CIFAR-10N datasets,’
which include CIFAR-10 train images with five label sets
that contain different levels of human-annotated noisy labels,

2[Online]. Available: http://www.noisylabels.com

Authorized licensed use limited to: Augusta University. Downloaded on December 19,2025 at 00:54:12 UTC from IEEE Xplore. Restrictions apply.


http://www.noisylabels.com

5698

namely, CIFAR-10N Aggregate (o« = 0.09 ), CIFAR-10N Ran-
doml (o = 0.17 ), CIFAR-10N Random2 (o = 0.18 ), CIFAR-
10N Random3 (o = 0.18 ), and CIFAR-10N Worst (o« = 0.4
). Labels in various sets are chosen using distinct mechanisms
from three annotators; thus these five noisy datasets vary in the
quantity and the structure of label noise. Similar to the simulation
of FashionMNIST and AGNews-10pct datasets, we adopted the
same ten levels of human cost on cleaning training mislabels for
each CIFAR-10N dataset, i.e., ten 5 values, and implemented ten
repeated measures for each [ value. Besides, each CIFAR-10N
dataset was trained using a 22-layer CNN model, which is
well-performed on the original CIFAR-10.

In the examination of interactive label correction on real-
world noisy datasets, we found that cleaning label noise gen-
erally improves the classification performance with respect to
both established benefits metrics D(3,0) and R(3,0) . How-
ever, a perfect-agent may offer limited improvement and even
undermine the model performance when the noise ratio is small
(e.g., in CIFAR-10N Aggregate and CIFAR-10N Random 1, 2,
3 datasets). Moreover, there is also no linear positive relation-
ship between the expended effort on label noise correction
(8 ) and the performance gains considering both evaluation
metrics, as well as the benefit-cost ratio (Appendix D): as
more label noise is corrected, the potential benefits from fur-
ther label corrections can be reduced. We observed a general
diminishing effect on the marginal performance improvement
of revising the same amount of label noise, especially when a
dataset with larger noise ratios was applied (e.g., CIFAR-10N
Worst). In contrast, when the noise ratio is relatively small, the
magnitude of the performance gains is negligible (e.g., CIFAR-
10N Aggregate). Given the real-world label noise was produced
by human annotators, replicating all the conditions used in the
synthesized datasets for real-world scenarios becomes challeng-
ing. This complexity impedes the ability to conduct one-to-one
comprehensive comparisons between synthetic noisy data sim-
ulations and real-world noisy data validations. However, the
relationship between the cost and benefit of correcting mislabels
on real-world noisy datasets demonstrated similarity with the
FashionMNIST and AGNews-10pct datasets, though the pat-
tern of cost-benefit association varied slightly when different
datasets were applied (e.g., CIFAR-10N Random1 vs. CIFAR-
10N Random2, CIFAR-10N datasets vs. FashionMNIST
datasets).

VII. DISCUSSION

Through simulating interactive label correction on synthetic
noisy datasets and validating the simulation result on real-
world noisy datasets, our work reveals consistent patterns in
the cost-benefit relationship of interactive label correction. This
provides practical implications for practitioners to perform a
cost-effective label clean through the VIAL process.

A. Implications for Applying Interactive Label Correction

Our simulations show that a perfect-agent annotator can gen-
erally improve the classification performance. Unsurprisingly,
the more label noise being corrected, the better the classification
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performance. However, the relationship between the cost of
revising labels and the gained benefits on model quality is not
linear, especially under large noise ratios: the marginal perfor-
mance improvement by label correction can gradually diminish
as the expended effort on label correction (/3 ) increases, which
indicates that there is a trade-off between the cost of revising
labels and the gained benefits on model quality. Thus, it is im-
portant to consider the efficiency of large-scale human-assisted
label correction since the benefits of label correction may not
always compensate for the human labor cost of correcting labels.
Also, a certain amount of label error correction can yield a sig-
nificant improvement in classification accuracy, but an optimal
stopping point should exist before a complete label inspection
and correction. This implication might also be applicable for
general labeling problems (i.e., labeling unlabeled training data),
especially when involving semi-supervised learning or weak
supervision techniques, where a model can be well-trained using
a limited amount of labeled data.

The cost-benefit trade-off is exhibited in both synthetic
data simulations (FashionMNIST, AGNews-10pct datasets)
and real-world noisy data validations (CIFAR-10N datasets).
The consistent findings across diverse data characteristics and
noise structures suggest that the cost-benefit tradeoff observed
during interactive label correction may be a universal phe-
nomenon applicable to a broader range of datasets in different
domains. However, the trend slightly varied when different
datasets were applied, indicating the importance of considering
the context (e.g., multi-class vs. binary data, image classification
vs. text classification) of classification tasks.

The relationship between the cost and benefit of inter-
active relabeling varied along with the simulated environ-
mental condition changes, i.e., noise ratio (a), noise type
(T'), and machine learning model (f()). Moreover, there are
active interaction effects between simulated environmental con-
ditions on the classification accuracy improvement (e.g., noise
ratio X noise type, noise ratio X machine learning model). In our
work, we assess the efficiency of human-assisted label correction
by accuracy improvement, and it was directly calculated by
the baseline accuracy accy and the accuracy after correcting 3
proportion of label noise accg. As stated, the accy decreases as
the noise ratio grows. The accuracy deterioration is a non-linear
decline and varies with the robustness of different machine
learning models to distinct amounts («) and distribution (1)
of label noise. (Appendix B). A classifier may mitigate the
attacks generated by those noisy labels and provide accurate
predictions under relatively small noise ratios. Yet, when the
noise ratio exceeds a certain threshold, a trained classifier may
be overwhelmed by a large number of label errors and yield
predictions even worse than random guesses. Different models
have distinct thresholds of tolerance for noise, i.e., model ro-
bustness, due to their inner classification mechanism. Therefore,
the classification performance improvement is not only affected
by the label noise of a training set after label correction but
also by the robustness of a classifier under different label noise
conditions. This highlights the importance of considering task
complexity (e.g., label noise, machine learning models, dataset
context) when estimating the impact of cleaning label noise.
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Our simulation under the perfect-agent assumption aims to
estimate the upper-bound of the impact of human intervention
in the interactive label correction process. We believe that the
cost-benefit trade-off can also be applicable to scenarios where
humans or visual interfaces are likely to be imperfect for in-
teractive label correction. In these cases, achieving the same
level of benefits, such as performance gains in our simulation,
may require more human effort on label correction compared
to our idealized perfect-agent simulation. To be detailed, when
the noise ratio is greater than 0.45, we see the largest per-
formance gains when revising a certain amount of mislabels,
especially for the type of label noise that more severely distorts
the decision boundary of a model, e.g., class- dependent noise
(NAR) in multi-class simulation, and uniform noise (NCAR)
in binary simulation. However, the real-world dataset that needs
human-assisted label correction might only contain equal or less
than 40% mislabeled instances [82]. From our simulation and
real-world noisy data validation, we identified that cleaning mis-
labels by a perfect-agent may only provide little enhancement
and could potentially harm the model performance under
small noise ratios, especially when the noise ratio is less than
0.2. Depending on the criticality of the machine learner and the
task itself, these gains may be important, and we recommend
practitioners make decisions on how to intervene in label cor-
rection based on their own initial task conditions, expected costs,
and associated benefits, as well as the risk of undermining the
model performance.

There are slight differences between performance gains in
terms of two evaluation metrics D(/3,0) and R(53,0) under
various conditions. Thus, the choice of deploying which eval-
uation metric and its success threshold depends on the ultimate
goal of practitioners, and these choices will also determine the
conditions worth human intervention for cleaning label noise.
Indeed, one may wish to consider 1 — accy prior to undertaking
label correction to understand the potential benefit from label
correction.

B. Implications for Visual Interactive Labeling System

Although our work did not incorporate an actual visual label-
ing interface, the effectiveness of visualization becomes appar-
ent through the way annotators select noisy labels for cleaning.
Our simulation results suggest that the same level of label
correction can result in different magnitudes of performance
improvement depending on the task conditions, e.g., noise type
and machine learning models. Hence, a well-designed visual-
ization interface can assist annotators in promptly identifying a
set of noisy data points, the modification of which could lead
to a substantial model performance improvement [12]. An ideal
visual interface is expected to foster annotators to detect and
correct mislabels efficiently and reduce the cost of human effort
on label correction. However, given the existence of an optimal
stopping point for label correction, it is not always necessary for
a labeling visual interface to be of optimal quality, especially
when considering the costs associated with developing such
an advanced visualization. This raises a strategic consideration
for practitioners: allocating resources toward additional human
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labor for label correction or improving the visual interface
should be guided by the potential for net profit increases. Lastly,
a typical visual interactive label correction process usually con-
sists of multiple iterations where annotators continuously update
the training data and re-train the machine learning models. We
recommend employing visualizations that allow annotators to
monitor the progress of label correction and associated perfor-
mance improvement. As such, annotators can be aware of the
diminishing returns of further corrections and make informed
decisions about when to cease the label correction, thus avoiding
unnecessary costs.

C. Implications for General Interactive Machine Learning

Our research revealed a trade-off between the cost of correct-
ing mislabels and the resulting benefits on model performance
during interactive label correction, observed in both synthetic
noisy datasets and real-world noisy datasets. This cost-benefit
tradeoff likely arises from intrinsic limitations in human inter-
vention, task complexity, and the probabilistic nature of ma-
chine learning models. Initially, human input can significantly
improve model quality, especially when addressing the most
impactful errors or refining key features. However, as the model
becomes more robust and refined, the remaining tasks become
increasingly nuanced and challenging for human intervention,
leading to the diminishing marginal benefit of further human in-
volvement. Since IML systems (e.g., interactive label correction,
interactive feature selection, and interactive model tuning) share
similar mechanisms governing human interaction and model im-
provement processes, the relationship between cost and benefit
observed in our simulated interactive label correction process
could potentially apply to other IML scenarios [83], [84], [85].
Future research could leverage simulation-based approaches to
explore and compare the cost-benefit relationship across various
IML tasks.

VIII. CONCLUSION AND FUTURE WORK

In this paper, we examined the potential upper-bound impacts
of interactive label correction on performance improvement by
simulating a perfect-agent consecutively cleaning label noise in
a given training data. We explored the relationship between the
cost of label correction and the associated benefits of model
classification performance gains on the test data. We imple-
mented our simulation under different conditions created by
varying levels of three environmental factors: noise ratio («),
noise type (1), machine learning model (f()). To generalize the
findings, the simulation was conducted with two different types
of datasets: one image dataset and one text dataset. We sampled
several datasets from these two datasets, divided each sampled
dataset into a training set and a testing set, diluted each training
set based on the different setups of noise-related factors, applied
distinct machine learning classifiers, and simulated interactive
label correction with varying degrees of effort on label clean
(8). Additionally, we confirmed simulation results using five
real-world noisy datasets. We proposed two metrics, D(/3,0)
and R(,0), and used their values to evaluate the model perfor-
mance enhancement from the label correction. Although there
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are minor differences between the analysis results of these dis-
tinct datasets and evaluation metrics, their commonality lies in
that all environmental factors tested in the simulation influence
the effect of interactive label correction on classification per-
formance improvement. Furthermore, the impact of interactive
label correction for different noise types and machine learning
models varies across different noise ratios. Notably, in simula-
tions for FashionMNIST and AGNews-10pct datasets, and the
real-world label noise validations on CIFAR-10N datasets, we
observed that as human effort increases (larger 3), it has a more
significant impact on enhancing the classification performance.
However, the effect of cleaning label noise diminishes as more
label errors are corrected, especially when the noise ratio is rela-
tively large (o > 0.4). This indicates there is a trade-off between
the expense of label correction and the attained benefits of model
classification performance. As mentioned above, all simulation
factors and their active interactions, such as a x T'and v x f(),
are influential to the effect of interactive label correction on
classification performance improvement. The simulation results
suggest that practitioners have to scrutinize how much effort
is warranted to improve classification performance considering
task complexity, including but not limited to the noise-related,
dataset-related, algorithm-related factors, the ability of the hu-
man, as well as the performance measures of interactive machine
learning system, and corresponding desired performance gains.
Since the relationship between benefits and costs of interactive
label correction vary under distinct conditions, our work pro-
vides a practical means to determine when to ask humans to
intervene in interactive relabeling considering its cost-benefit
trade-offs.

Limitations: While our simulation model provides a reason-
able approach to exploring the possible bounds of improvement
that can be expected from label revision, one major limitation
of the work is that we did not account for all crucial factors in
human-in-the-loop scenarios, e.g., human expertise and visual
design. Additionally, in each trial, we only simulated interactive
label correction on any one of two types of datasets (image
or text) with one type of synthetic noise, whereas real-world
datasets often contain mixed noise types. Furthermore, our
simulation was initialized using balanced, clean data (i.e., the
instances across diverse classes are evenly distributed) and
applied uniform contamination to the training data for each
class. This approach does not always align with real-world
label noise scenarios. Data imbalance can significantly influence
the ML model performance and exacerbate the adverse effects
of label noise. Moreover, varying amounts and distributions
of label noise («, T") could result in distinct degrees of data
imbalance, leading to different levels of deterioration on model
performance [86], [87], [88], [89].

Our simulation studied a best-case scenario that assumes a
perfect-agent is able to correct all inspected mislabels through
the IML system while lacking the investigation on the expertise
of an imperfect-agent human annotator, who might mistakenly
and inconsistently flip instance labels, and the various difficulty
levels of recognizing and correcting noisy instances for a human
annotator. Besides, we did not incorporate advanced techniques
(e.g., weak supervision), which may achieve strong performance
with minimal precisely labeled data and could reach the optimal
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stopping point for label correction sooner than fundamental
machine learning models tested in our simulations. Even in
some cases, label correction may not be necessary at all if
the system starts with sufficient clean data. Furthermore, we
did not consider human strategies or apply active learning on
instance selection for relabeling but only implemented random
selection. In practice, a visual interface can help humans identify
suspicious labels, further aiding humans in relabeling noisy
instances.

We focused on the benefit of human interactive label cor-
rection in terms of classification performance improvement but
did not fully explore the associated costs, such as human labor
and consumed time, or the cost of different types of classifi-
cation errors (e.g., false negative vs. true positive). Our work
only used classification accuracy for quantifying the benefits
with two class-balanced datasets, yet real-world datasets can
occur with arbitrary class distributions, thus other metrics (e.g.,
precision, recall, F; score) may be more suitable for measuring
performance improvements. Additionally, we only simulated
one iteration of interactive label correction, while a practical
interactive labeling system usually involves multiple incremen-
tal iterations for enhancing performance, and the relationship
between benefits and costs of human interactive label revision
may vary as the number of iterations increases. Finally, the
simulation-based approach might not be applicable to massive
datasets due to computational limitations.

Future Work: Future studies can extend the simulation meth-
ods and factors to relax best-case scenario assumptions, includ-
ing exploring different relabeling accuracies of imperfect-agent,
human perception when using visual interfaces for relabeling,
and human strategies for label inspection and correction. This
will allow the generalization of the cost-benefit relationship for
more general and practical usage scenarios. Moreover, other
algorithm-related factors (e.g., the baseline model performance,
active learning approach for maximizing the expected model
performance enhancement, and label propagation algorithms to
reduce the expense of label correction) and advanced algorithms,
like BERT for text classification and ResNet for image recogni-
tion, should be included in future simulations. We also intend to
extend the interactive label correction simulation to more types
of datasets with various benefit and cost measures, and include
more label correction and model retraining cycles for general-
izing the rule of cost and benefit trade-offs through a complete
interactive label correction process. Additionally, modeling the
cost and benefit of interactive label correction, using optimiza-
tion on a parameterized model, and developing threshold regions
for determining the optimal level of label correction for various
parameter regions will also be our future work. Except for
the interactive label correction process, the impact of human
intervention in other IML approaches (e.g., feature selection)
has not been explored yet, which is still an open question.
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