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Abstract

The massive data of the information age raises stricter standards for data qual-
ity. Conventional data error detection approaches depend on handcrafted
rules or abundant expert labels, limiting their performance under scarce an-
notation conditions. To tackle this issue, we present JCED (Joint Contextual
Error Detector), a low-label error detection model for tabular data optimized
end-to-end via four core components: 1) a distance correlation-based logical
grouping module to capture nonlinear column correlations; 2) a joint repre-
sentation module integrating context-agnostic word2vec and context-aware
Sentence Transformer for better semantic context modeling; 3) a two-stage
hard sample pair sampling module combining intra-cluster compactness and
BCE-Rerank to select informative samples; 4) an inverse propensity score
weighting classifier to alleviate sampling bias and boost generalization. Evalu-
ations on five real-world datasets reveal that with merely 5 - 25 labeled sam-
ples, JCED outperforms state-of-the-art methods (Raha, HoloDetect, etc.) by
140% in average F1-score and 13.76% in detection efficiency. Ablation studies
verify the complementary gains of all modules, and JCED exhibits superior
robustness under dynamic error rates ranging from 5% to 30%. This research
offers a novel technical solution for low-resource data governance.

Keywords

Data Governance, Data Quality, Error Detection, Tabular Data, Low Labelling
Learning

1. Introduction

With the development of the Internet, massive data has been accumulated, and its

analytical value can be tapped through data processing. As a basic and challenging
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step in relational data tasks such as entity matching and data integration, data
cleaning directly determines data quality. Data errors will mislead downstream
decisions and cause huge economic losses to enterprises [1]-[4]. Real-world da-
tasets contain roughly 5% erroneous records [5] [6], driving widespread academic
and industrial research on data cleaning, which is split into error detection (ED)
[7]1-[15] and error correction (EC) [16] [17].

This work targets tabular data error detection. State-of-the-art methods suffer
three critical defects under low-label scenarios: they rely on manual settings and
cannot automatically model nonlinear column dependencies; they only adopt
context-independent embedding; and biased sampling distorts data distribution
and impairs generalization. The specific defects are as follows. First, table attrib-
utes usually have nonlinear logical correlations. Existing methods capture them
through manually defined rules and parameters, which require a lot domain labor
[7] [8]. Therefore, this paper designs a dependency modeling module to automat-
ically quantify column correlations. Second, mainstream methods convert table
text into embeddings for sample screening [7] [8] [15]. Most of them only use
context-independent Word2Vec, which ignores context semantic changes, lead-
ing to suboptimal performance of context-aware tabular data [15]. This paper
combines Word2Vec and context-sensitive Sentence Transformer to obtain joint
semantic representation. Third, existing sampling strategies give priority to high-
frequency and high-information samples, and rarely select low-frequency sam-
ples, resulting in serious sampling bias. The model overfits frequent error patterns
and cannot be generalized to rare error types when labels are limited. Therefore,
this paper studies a sampling bias elimination scheme. Fourth, traditional low-
label detection methods have obvious limitations. HoloDetect requires 5% - 10%
manual labels through data augmentation; Raha [7] uses clustering and label
propagation, but will produce noisy labels, and its accuracy and recall are unsta-
ble. Based on the above situation, this paper proposes a tabular error detection
model JCED, which can maintain a high F1 score when annotations are scarce.

To tackle the above limitations, this paper puts forward Joint Contextual Error
Detector (JCED), an end-to-end tabular error detection model with four core
modules:

1) Distance Correlation Coefficient (DCOR) based logical grouping module:
DCOR captures both linear and nonlinear attribute correlations to automatically
group columns and depict comprehensive dependency structures without manual
configuration.

2) Multi-model joint representation module: Fuses context-agnostic Word2Vec
and context-aware Sentence Transformer to overcome the single embedding’s de-
ficiency in modeling contextual semantics.

3) Two-stage intra-cluster hard pair sampling module: Stage one clusters em-
beddings and selects optimal clusters via scoring functions; stage two mines in-
formative normal-error sample pairs and outliers within target clusters to fully

exploit limited labeled data.
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4) Inverse Propensity Score (IPS) weighted binary classifier: Eliminates sampling

bias induced by unbalanced sample selection and stabilizes model generalization.

2. Related Work

This subsection reviews state-of-the-art error detection (ED) approaches.

ED is a core task for data quality optimization and has been widely researched
[10]. Existing methods attain average F1 scores above 0.85 on real-world datasets,
yet their performance degrades drastically under scarce labeled samples [7]-[9]
[11]. Industrial ED tools including Trifacta [18] and Tamr [19] have been com-
mercialized, but nearly all mainstream ED techniques demand massive expert an-
notations to maintain high F1 values.

Conventional ED falls into two categories: quantitative methods [20]-[22] that
detect anomalies via data statistical distributions, and qualitative methods [23]
[24] relying on handcrafted rules, patterns or external knowledge [25]-[28]. Lim-
ited by heterogeneous mixed error types in relational tables, both families suffer
low recall.

Recently, machine learning and deep learning-based ED methods have at-
tracted wide interest [4] [7] [8] [29]-[31]. HoloDetect [8] and Raha [7] represent
current SOTA models. HoloDetect mines data semantic and syntactic features
with pre-defined consistency rules to locate errors. Raha runs multiple ED algo-
rithms to generate feature encodings for error modeling and delivers comparable
accuracy, but its multi-algorithm configuration pipeline is extremely time-intensive.

Different from prior work, the proposed JCED model removes the reliance on
multiple detection algorithms and manual pre-configuration. It adopts distance
correlation-based logical grouping, and fuses context-independent and context-
aware embeddings in a joint representation module to capture contextual seman-
tics. Equipped with a two-stage hard-sample sampling strategy and inverse pro-
pensity score weighted binary classifier, JCED achieves superior F1 and efficiency

with only a small number of labeled records, as verified in Section 5.3.

3. Problem Statement

This section outlines the error detection problem and discusses how the JCED
model addresses it.

This paper defines cases where the cell value D[i, j] in a spreadsheet differs
from its corresponding true value D*[i, _]] as negative classes, and cases where
they match as positive classes. The goal of error detection is to assign the most prob-
able positive or negative class label to each cell value D[i, _]] within the given da-
taset D. A cell value is considered correctly classified if it is assigned to the positive
classwhen D [i, _]] =D=* [i, ]] , or to the negative class when D [i, J] #Dx* [i, _]] ; con-
versely, it is deemed incorrectly classified if assigned to the negative class when
D[i, ]] =D=* [i,j] , or to the positive class when D[i,j] #Dx* [i,j] . Specifically, the
study aims to develop a sampling strategy that identifies the most promising train-

ing samples to maximize the Fl-score. The precise definition and calculation
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methodology of the F1-score metric are detailed in Section 5.2.

However, as noted in the introduction, manual labeling for model training is
typically highly labor-intensive, and our research objective is to achieve high error
detection accuracy using a small number of labeled instances. Accordingly, this
paper employs the JCED model for error detection tasks to enhance performance

while reducing annotation costs.
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Figure 1. Flowchart of the JCED model.

Figure 1 shows the framework of JCED, which consists of a grouping module,
a joint representation module, a special case pair sampling module, and an inverse

propensity score correction module.

4. JCED Model
4.1. Grouping Module

Merging datasets with unrelated columns injects extraneous embedded signals.
Since such appended information weakly correlates with the core dataset, embed-
ding vectors suffer severe degradation in representation capacity. This under-
scores the necessity of algorithms for screening high-information features. Widely
adopted feature selection techniques cover mutual information (MI) [32], chi-
square test, Pearson correlation coefficient, and Random Forest feature im-
portance scoring. For the grouping module, this work proposes a DCOR-based
column selection strategy dubbed CS. It leverages the distance correlation coeffi-

cient (DCOR) to quantify pairwise column dependencies and filter out redundant
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columns, accelerating data query efficiency. Concretely, CS ranks columns by
their DCOR against the target column m: a higher DCOR for column n denotes a
tighter inherent linkage to m, a prerequisite for robust event detection (ED) anal-
ysis.

The first step in the grouping module is to construct a distance matrix: initially,
for two sets of samples X = (xl,...,xn) and Y = (yl,...,yn) , Calculate the Eu-

clidean distance matrices between them separately.
a; =%, =x; [Lb; =lly; =y, Il (1)

Subsequently, double centering is applied to the distance matrix: each matrix
entry is subtracted by its corresponding row mean and column mean, followed by
addition of the global matrix mean. This operation eliminates bias within the dis-
tance matrix, as formalized in the formula below.

Aijzaij—ai—aj+a (2)

B, =b,—b,—b,+b (3)

They denote a,, a i a the row mean, column mean and global mean, re-

ij >
spectively. We further compute distance covariance and distance variance based
on the double-centered distance matrix. Distance covariance acts as a core metric
for measuring the similarity of distance distributions between two vectors, while
distance variance characterizes the internal distance variation within a single vec-
tor. The calculation formulas are given below:

dCov’ (X,Y) = L i A B. (4)

’ n2 & oy

n

dvar® (X) :%i AlLdvar’ (Y)=—5 3 B} 5)

i,j=1 i,j=1
Finally, the distance correlation coefficient is computed from the distance co-
variance dCor(X, Y) and distance variance. As a standardized metric for meas-
uring dependence between two random vectors, it takes values in \([0, 1]\): a value
of 0 signifies full independence, while 1 corresponds to a deterministic functional
relationship.
dCov(X,Y)

dCor(X.Y)= \/dVar(X)dVar(Y)

(6)

Using the dCor metric, the DS strategy selects columns a € F for each con-
taminated column a, where F(a,) exceeds the threshold o, thereby form-

ing the set of relevant columns S, as follow.
S, =a|F(a;a)>a 7)

In this work, a is set to 0.5 to strike a balance between adequate coverage of
relevant columns and high information density. This configuration preserves crit-
ical features while mitigating information loss [33]. Under this strategy, columns
with large dCor values that exhibit the strongest relevance are selected to form

individual data clusters. Such a design guarantees strong internal correlations
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within each cluster, enabling the derived embedding model to fully capture con-

textual semantic information.

4.2. Joint Representation Module

Driven by the widespread adoption of computing systems, natural language pro-
cessing (NLP) has attracted extensive research interest. Practical demands span-
ning machine translation, speech recognition, and information retrieval have
raised ever-stricter standards for the NLP capabilities of computing devices. Lin-
guistic modeling constitutes an indispensable prerequisite for machines to com-
prehend natural language. NLP modeling paradigms have evolved from hand-
crafted rule-based systems to statistical approaches, known as statistical language
models (SLMs). Representative SLM techniques include n-gram models, neural
networks, and log-linear models. Nevertheless, SLM training is plagued by persis-
tent obstacles: high dimensionality, word similarity modeling, weak generaliza-
tion ability, and performance degradation. Resolving these bottlenecks has con-
sistently fueled the evolution of statistical language models.

Within the landscape of SLM research, Google released Word2Vec in 2013 as an
efficient word embedding training framework. Given a raw text corpus, Word2Vec
leverages optimized training objectives to map discrete words into dense vector
space, offering a foundational tool for downstream NLP research. It learns static
word embeddings via two core architectures: Skip-Gram and Continuous Bag-of-
Words (CBOW). Though Word2Vec produces context-invariant word represen-
tations—each word retains a fixed vector regardless of surrounding context—it
achieves competitive performance across diverse NLP benchmarks.

Sentence Transformers, built upon recurrent neural network (RNN) founda-
tions, generate fixed-length dense embeddings for full sentences and support di-
rect text similarity computation. Its word encoding pipeline adopts a canonical
encoder-decoder framework: the encoder compresses source text into context
vectors, while the decoder reconstructs target representations from these latent
codes. This architecture inherently introduces an information bottleneck between
encoding and decoding stages. The model converts every lexical token into a uni-
form-dimension embedding that encapsulates both lexical semantics and contex-
tual cues, which can be readily deployed on tasks such as text classification, senti-
ment analysis, and machine translation.

Context-independent embeddings deliver stable baseline features, whereas con-
text-aware embeddings capture fine-grained context-specific semantic nuances.
This work integrates both embedding paradigms to construct a joint representa-
tion module. The module inherits the efficiency and universal applicability of
static embeddings while harnessing the strong context-sensitive semantic model-
ing capacity of dynamic embeddings.

The joint representation module first preprocesses tabular data. Suppose Table
X contains m rows and n columns, among which the first k columns store textual

content and the remaining n-k columns hold numerical values. The detailed pro-
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cessing workflow is specified as follows:

X0 X2 0 X X o X,
X X “en X X e X
2.1 2.2 2.k 2,k+1 2a
X=| . . . . . . B (8)
Xm,l Xm,2 Xm,k Xm,k+1 o Xm,n

Here, X;. represents the data in row i and column j.

i
Next, use Sentence Transformers for embedding to extract text columns from
the table data.:

X1 X2 Xk
X X X
2.1 2,2 2.k
T= . (9)
Xm,l Xm,Z Xm,k

Then use Sentence Transformers to encode the text column.
E,, = SentenceTransformer(T) e R™"
Here, dt represents the output dimension of Sentence Transformer. The text
columns are then encoded using Word2Vec.:
E., = WordVec(T) e R™ (10)
Which d, is Output Dimension of word2vec.
Merge the embeddings from Sentence Transformer and Word2Vec:

E; =[Eq;Ep ] e R™) (11)

Extract Number Column:

Xkt 7 Xin
X “en X
_ 2,k+1 2.n mx(n-k)
Ey = . . D leR (12)
Xm,k+l T Xm,n

Union embedding of text columns and feature splicing of numerical columns,

E; =[Eq;Ep, ] e R™) (13)

T1>

Define the Query, Key, and Value matrices:

(d+dy +(n=k))

Q=E,K=E,V=EeR™ (14)

Calculate Attention Score:

T

R

Here,d, represents the dimensionality of the key, typically given by

Scores = (15)

d, =d, +d_, +n—k. The Softmax function is applied to obtain the attention weight

distribution:

a = softmax (Scores) € R™" (16)
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Finally, calculate the weighted sum to obtain the output:

mx(d,+dy, +(n—k))

Output =aV € R (17)

4.3. Sampling Module

JCED is primarily designed to sustain high F1 scores under scarce labeled samples.
To address this goal, we propose a two-stage instance pair sampling strategy,
which makes full use of limited labeled data and accurately extracts the most rep-
resentative sample pairs within each cluster. This two-stage sampling scheme ex-
tends the work described in Section 4.2. Briefly, the joint representation module
converts clustered tabular data into embedding vectors, followed by DBSCAN
clustering to partition the embeddings into n clusters. Given k labeled instances,
we conduct k/2 sampling iterations. The overall strategy comprises two successive
stages: cluster grouping sampling and discriminative special pair sampling.

Stage 1 Grouping Sampling: We first calculate the score of each cluster via the
cluster scoring function and select the cluster with the maximum score among all
n clusters, as formulated below:

S(C):a-n?“+(l—(x)-(l—WCSS(C)) (18)

n, indicates the number of labeled data points in this cluster, WCSS repre-
sents the within-cluster sum of squares, used to measure the compactness or var-
iability of data points within a cluster..

The cluster score function evaluates the quality of each cluster based on a com-
bination of the aforementioned three variables. To assess the homogeneity of data
sets, this study introduces the concept of within-cluster sum of squares (WCSS)
into the cluster score function [34]. WCSS effectively measures the variability or
compactness of a data set by representing the sum of squared deviations between
each data point and the cluster center. Specifically, the calculation formula for

WCSS is as follows::

n m

WCSS=3%">"(x;—¢;)’ (19)

i1 1
where: n denotes the number of data points within a cluster, m represents the
number of features, x;

denotes the feature j value of the cluster center..

denotes the feature j value of the data point i, and c;

The cluster scoring function comprehensively considers cluster size, the num-
ber of labeled data points, and the compactness of data points within a cluster,
assigning a score to each cluster. A higher score indicates greater representative-
ness and makes a cluster more suitable for selection as a sampling target.

Stage 2 sampling: The second stage of sampling involves identifying the most
relevant data points and outliers using the BCE-Rerank model. This model iden-
tifies both the most relevant data points among all entries in the highest-scoring
cluster and the outlier data within that cluster. To begin, similarity scores are cal-

culated for each data point x; by applying the BCE-Rerank model to compute mu-
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tual similarity scores s(xi,x j) between data points. The specific formula is as

follows:

s(xi,xj) =bce-rerank (xi,xj) (20)

Subsequently, we reorder all data points in descending order according to their
similarity scores. Data points with higher similarity scores correspond to higher
data relevance, whereas those with the lowest scores are regarded as outliers. We
then pair the most relevant data point with the outlier to construct a special sam-
ple pair. This completes a single sampling iteration and yields one paired data
sample.

Furthermore, the introduction of the BCE-Rerank model substantially boosts
data retrieval performance. The proposed two-stage sampling strategy effectively
screens highly informative tabular data, which further improves the accuracy of

error detection.

4.4. Classifier Module

The Inverse Preference Score (IPS) was first proposed by Cornell University in a
2016 ICML conference paper [35]. As a pioneering method for mitigating bias in
recommendation systems, IPS is designed to eliminate inherent selection bias. A
fundamental bottleneck of recommendation systems lies in sparse observational
data: only a small fraction of user-item interactions are observable, while most
potential interactions remain unrecorded. Such incomplete data severely degrades
the predictive performance and estimation accuracy of recommendation models.
To tackle this problem, IPS estimates implicit user preferences for items and adap-
tively calibrates sample weights, enabling unbiased model evaluation even on bi-
ased and incomplete datasets.

Similar selection bias issues also prevail in data error detection tasks. Such bias
not only restricts the generalization capability of detection algorithms but also
undermines their performance in identifying specific error types. When trained
on imbalanced datasets, conventional models tend to prioritize dominant catego-
ries during optimization, thereby failing to fully capture feature information from
minority samples. To improve the fairness and overall detection accuracy of the
model, targeted optimization strategies are essential to alleviate selection bias.

Accordingly, this paper introduces the IPS mechanism into error detection al-
gorithms to address the aforementioned bias problem. We first calculate the pro-
pensity score of each sample and construct a corresponding weight matrix, which
is subsequently integrated into the standard cross-entropy loss function of the bi-
nary classifier. This yields an IPS-enhanced binary classification model. The im-
proved model reduces over-reliance on samples from prevalent clusters and
strengthens feature learning from underrepresented clusters, achieving balanced
and comprehensive error detection performance. For rigorous theoretical verifi-
cation, we further derive the expected loss function of the proposed model. We

assume that the true label y; and prediction probability p; of each sample follow
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an independent and identical distribution, and each sample possesses an observa-
tional probability p(x;).
Under ideal balanced sampling conditions, the expected value of the standard

cross-entropy loss function for a binary classifier is:

E[L]:E{—i(yi log(p;)+(1-y; )log(1-p, )} (21)

i=1

Since y; and p; are independent and identically distributed, the expectation can

be decomposed as:
N
E[L]=-Y E[y,log(p,)+(1-y;)log(1-p;)] (22)
i=1

When sampling data exhibits selection bias, the observation probability p(x;)
for each sample is not uniformly distributed. Assuming the observation probabil-

ity of sample x; is p(x;), the expected loss function for the entire dataset is given

by:
E [Lbiased ] = E{_Zi‘,(}’i log(pi ) + (1 -Y )log(l —bi )):| (23)

However, since the observation probability p(xi) is not uniform, the actual
number of observed samples may be biased. Therefore, the expected loss function

for the entire dataset can be expressed as:
N
E [Lbiased ] = _Zp(xi )E [Yi log (pi ) + (1 A )log (1 —Dbi ):| (24)
i=1

To demonstrate that the expected sum of the loss function under biased condi-
tions differs from that under equilibrium conditions, we can compare them as

follows:

E[Lbiased];ip(xi)E[yi log(p, ) +(1-y, )log(1-p, )] (25)
E[L]= —]ZN:,E[yi log(p;)+(1-y;)log(1-p;)] (26)

1
Obviously, unless p(x;)= I~ foralli, then E[L,,.]#E[L].
To eliminate bias, this paper employs IPS (Importance Sampling) weights

w(x;)= L . The expected loss function for the weighted dataset is as follows:

p(x;)
N
E [Lbiased ] =E l:_z p (Xi )
i=1
After simplification:

E [Lbiased ] = E|:_i(}’i log(pi )+ (1 -Yi )log(l =P )):| (28)

i=1

1

p(Xi)

(Yi IOg(pi)+(1_Yi)10g(1_Pi)):| (27)

it is E[L] precisely the expected value of the standard cross-entropy loss func-

tion.
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Based on the above analysis, we draw the following conclusion: when selection
bias exists, the expected loss function E[L,.] for the entire dataset differs
from the standard cross-entropy loss function E[L] After transformation, the
expected loss function E[Ly,.,] derived from all data weighted by IPS scores
becomes identical to the standard cross-entropy loss function E [L] .

In other words, by introducing appropriate weights (such as IPS weights), the
impact of selection bias can be eliminated, aligning the weighted expected loss
function with the standard expected loss function. This resolves the sampling bias
problem in error detection algorithms caused by prioritizing labeled instances
with high information content, allowing the weighted corrected binary classifier

to learn each error pattern more uniformly.

5. Experimental Evaluation

This section presents a comprehensive experimental evaluation of the proposed
JCED model against multiple state-of-the-art baseline methods. With elaborately
designed experiments, this study primarily answers the following research ques-
tions:

1) Which feature selection method can best boost the overall performance of
JCED?

2) Which clustering algorithm contributes most significantly to the perfor-
mance improvement of JCED?

3) Which sampling strategy yields optimal performance for the JCED frame-
work?

4) Under limited labeling budgets, how does JCED outperform baseline algo-
rithms in detection performance and computational efficiency?

5) With the increase of data error rates, how does JCED perform in terms of
detection accuracy and efficiency compared with baseline methods?

Experimental analyses in this section enable a thorough investigation of the
core advantages and practical capabilities of JCED. Meanwhile, the empirical re-
sults verify the model’s effectiveness and comparative superiority over conven-
tional error detection baselines.

The remainder of this section is organized as follows. Section 5.1 introduces the
experimental datasets, experimental setup, and evaluation metrics. Section 5.2
elaborates on the experimental implementation, presents quantitative and quali-
tative results, and provides in-depth result analysis. Section 5.3 concludes the key

experimental findings and summarizes core insights.

5.1. Experimental Data

This study comprehensively evaluated JCED using five real-world datasets (hos-
pital [7], flight [36], beer consumption [37], Rayyan [38], and movie [39]), which
have been widely utilized in the relevant literature [7] [8] [15].

All five datasets come with a ground-truth version that labels each cell as erro-

neous or correct, providing the labels used for training and evaluation. For the
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error-rate experiment (Figure 7), we controlled the error rate by rule-based ran-
dom error injection: for each dataset we reproduced its own original error types
(typos, missing values, format and value-domain violations) and randomly per-
turbed cells according to these rules until each target rate (5%, 10%, 15%, 20%,
and 30%) was reached.

5.2. Experimental Design and Evaluation Criteria

This paper conducts a comprehensive comparison between JCED and various
baseline methods, including machine learning-based approaches such as RAHA
[7] and ED2 [11]; rule-based techniques like HoloDetect [8]; knowledge base-
driven methods such as KATARA [25]; and ensemble methods such as dBoost
[40] and min-K [10].

The selected baseline methods represent state-of-the-art comprehensive solu-
tions for data error detection. Each method integrates distinct techniques and al-
gorithms to address detection tasks with unique optimization paradigms.

This study adopts precision, recall, and F1-score as core evaluation metrics to
quantitatively assess the detection performance of the proposed JCED model, and
further utilizes running time to measure its computational efficiency.

Precision denotes the proportion of true positive (TP) samples among all sam-
ples predicted as positive, including both true positives and false positives (FP). It

is calculated as follows:

Precision = TP/ (TP + FP)

Recall quantifies the proportion of correctly identified true positive samples rel-
ative to all actual positive samples, covering all positive cases excluding false neg-

atives (FN). Its mathematical formula is defined as:

Recall=TP/ (TP + FN)

Precision and recall present an inherent trade-off in practical model optimiza-
tion: improving one metric usually leads to a decline in the other. To achieve bal-
anced and comprehensive detection performance, the Fl-score is adopted as a
synthetic evaluation indicator. As the harmonic mean of precision and recall, the
F1-score integrates the advantages of the two metrics and delivers a holistic as-
sessment of classifier performance. A higher F1-score indicates superior overall

detection capability. The standard F1-score formula is given below:

Fl—score = 2TP /(2TP +FP + FN)

In addition to predictive performance, running time is introduced as an auxil-
iary evaluation metric to evaluate the computational efficiency of all compared
methods.

To guarantee experimental reliability, all experiments are repeated ten times,
with the average results taken as the final evaluation data. All experiments are
conducted on a server equipped with a 16-core 2.60 GHz CPU and 32 GB RAM,
running the Ubuntu 20.04 LTS system. For fair comparison, JCED selects 5 - 25
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labeled instances via the sampling module introduced in Section 4.2, while all
baseline methods adopt their inherent sampling strategies to sample labeled data

under identical labeling budget constraints.

5.3. Experimental Analysis

Prior to analyzing the performance discrepancy between JCED and baseline mod-
els, this section first conducts ablation evaluations on the feature selection, clus-
tering, and sampling strategies adopted in JCED. Further experiments are per-
formed to assess model performance under varying outlier ratios.

Feature Selection Methods. The logical grouping module integrates and eval-
uates multiple feature selection approaches. Figure 2 presents the comparison re-
sults across five datasets, where the x-axis denotes the number of labeled instances
and the y-axis corresponds to the F1-score. The compared methods include the
distance correlation coefficient (DCOR), Pearson correlation coefficient, mutual

information (MI), and Random Forest feature importance scoring.
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Figure 2. Comparison of experimental results for feature selection methods.

Experimental results verify that DCOR surpasses the Pearson, MI, and Random
Forest methods by average performance margins of 8.63%, 2.53%, and 10.52%,
respectively. Across all datasets, DCOR yields the slowest and most stable perfor-
mance growth as the number of labeled instances increases from 5 to 25. Taking
the Flight dataset as an example, the F1-score of DCOR increases by merely 7.6%
(from 0.792 to 0.852) within this labeling range, which is considerably lower than
the 12.3% growth of the Pearson method (0.723 - 0.812) and the 7.4% growth of
the Random Forest method (0.741 - 0.796). This indicates that DCOR delivers
competitive performance with extremely limited labeled data and is insensitive to
variations in sample volume, which validates its practical applicability for low-
label-resource error detection scenarios.

Clustering Methods. The joint representation module is adopted to evaluate
multiple clustering algorithms. Figure 3 presents comparative experimental re-
sults on five datasets, where the x-axis denotes the number of labeled instances
and the y-axis corresponds to Fl-scores. The compared algorithms include K-
Means, DBSCAN, MeanShift, BP neural network, and spectral clustering.

Experiments under different labeling budgets demonstrate that DBSCAN
achieves optimal overall performance on most datasets. It outperforms MeanShift,
K-Means, and the BP neural network by average gains of 3.3%, 2.2%, and 4.0%,

respectively. The prominent performance of DBSCAN stems from its density-
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based clustering mechanism, which can automatically identify cluster centers and
boundaries and exhibits strong robustness against noise samples. In contrast, K-
Means requires a pre-defined cluster number and cannot effectively capture com-
plex data structures. MeanShift suffers from performance degradation on datasets
with intricate distributions. Spectral clustering is highly susceptible to similarity
metrics, where different measurement strategies lead to unstable results. Although
BP neural networks possess powerful feature learning ability, they rely heavily on
sufficient training data and elaborate parameter tuning to obtain satisfactory clus-
tering performance.

Sampling Methods. Ablation experiments are further conducted to evaluate
different sampling strategies in the proposed module. Figure 4 illustrates the
quantitative comparison results across five datasets, with the number of labeled
instances and F1-scores serving as evaluation axes. The baseline sampling strate-

gies include heuristic sampling and random sampling, which are compared with

the proposed TSD sampling method.
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Figure 4. Comparison of experimental results for different sampling method Experiments conducted with varying numbers of la-
beled instances.

Experimental results with varying labeled sample sizes demonstrate that the
TSD sampling method achieves significant performance superiority. It outper-
forms heuristic sampling and random sampling by average margins of 3.63% and
2.02%, respectively. On the Beers dataset, TSD exhibits outstanding detection per-
formance: it achieves an F1-score of 0.994 with only 5 labeled samples, compared
with 0.893 for heuristic sampling and 0.932 for random sampling. Even when the
number of labeled samples increases to 25, TSD maintains a high Fl-score of
0.988, while heuristic and random sampling only reach 0.911 and 0.925, respec-
tively. These results demonstrate that TSD consistently outperforms the two base-
line methods at all labeling levels on the Beers dataset.

Opverall, TSD achieves excellent performance across most datasets, benefiting

from its adaptive sampling mechanism. It dynamically optimizes sampling strat-
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egies according to dataset characteristics and effectively screens high-information
samples, thereby providing high-quality data for subsequent clustering proce-
dures. Heuristic sampling shows unique advantages for datasets with specific
structural features yet suffers from limited generalization across diverse datasets
due to its strong task specificity. By contrast, random sampling delivers relatively
moderate overall performance but maintains stable applicability for datasets with
homogeneous distributions, serving as a reliable baseline for evaluating complex
sampling algorithms.

Performance Comparison with State-of-the-Art Error Detection Models.
Figure 5 compares the performance of the proposed JCED model with several
state-of-the-art error detection baselines, including Raha, SPAED, and ED2, across

all five datasets.
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Figure 5. Comparison results with the baseline error detection model.

Quantitative results under different annotation budgets reveal that JCED sur-
passes Raha by an average margin of 140% across all datasets. On the Hospital
dataset, JCED achieves an Fl-score of 0.978 with only 5 annotated samples,
whereas Raha obtains merely 0.249. When the annotation number increases to 25,
JCED’s F1-score further improves to 0.996, while Raha only slightly rises to 0.986.
This verifies that JCED maintains a persistent and prominent performance ad-
vantage over Raha at all labeling levels, enabling more accurate error detection. A
similar performance trend is observed on the Flight, Beers, Rayyan, and Movies
datasets. In particular, JCED achieves a substantial average improvement of 1336%
over ED2. On the Hospital dataset, ED2 yields a near-zero F1-score with 5 anno-
tations, while JCED reaches 0.978; at 25 annotations, ED2’s performance declines
to 0.750, whereas JCED climbs to 0.996. On the Rayyan dataset, ED2 obtains an
F1-score of 0.050 with 5 annotations, in sharp contrast to JCED’s 0.945. When
annotations increase to 25, the two methods rise to 0.805 and 0.961, respectively.
These results fully demonstrate the inferior performance of the ED2 model on the
tested datasets.

In comparison with SPAED, JCED achieves an average performance gain of
27.7%. On the Beers dataset with 5 labeled samples, JCED reaches an F1-score of
0.994, outperforming SPAED’s 0.842. At 25 labeled samples, SPAED achieves a
slightly higher score of 0.998, while JCED still maintains a competitive level of
0.988. Although SPAED can occasionally match JCED’s performance under spe-
cific settings, JCED exhibits stable superiority across most labeling scales. On the
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Movies dataset, JCED achieves F1-scores of 0.993 and 0.993 with 5 and 25 labels,
respectively, while SPAED only obtains 0.865 and 0.911 under the same settings.
These comparative results validate JCED’s superior adaptability and stability in
handling diverse data scenarios.

Time Efficiency Analysis. Figure 6 summarizes the runtime of all compared
error detection models on five datasets under annotation numbers of 5, 10, 15, 20,
and 30. Experimental results indicate that JCED improves time efficiency by
13.76%, 61.5%, and 58.64% on average compared with Raha, ED2, and SPAED,

respectively, demonstrating its prominent computational efficiency.
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Figure 7. Comparison of error detection model performance under different error rates

Robustness Analysis Under Varying Error Rates. Figure 7 evaluates the model
performance of JCED and baseline methods under varying data error rates (5%,
10%, 15%, 20%, and 30%). The results show that JCED achieves average perfor-
mance improvements of 102%, 169%, and 9.7% over Raha, ED2, and SPAED, re-
spectively.

Across all five datasets, JCED maintains stable and superior performance as the
error rate increases from 5% to 30%. On the Hospital dataset, JCED’s F1-score
decreases slightly from 0.95 to 0.88, with a decline rate of only 7.4%, while Raha
presents a larger performance drop of 12.3%. On the Flight dataset, JCED’s F1-
score declines by 8.7% (from 0.92 to 0.84), whereas ED2 experiences a significant
drop 0f 17.3% (from 0.75 to 0.62). On the Beers dataset, JCED’s F1-score decreases
by 7.4% (from 0.94 to 0.87). In contrast, other baseline models show more severe
performance degradation: SPAED decreases by 12.9% (0.85 to 0.74), Rayyan by
7.5% (0.93 to 0.86), Raha by 14.6% (0.82 to 0.70), and ED2 by 16.7% (0.72 to 0.60).
On the Movies dataset, the baseline method exhibits a 6.3% performance decline.

Overall, JCED’s average F1-score decline across all datasets is merely 7.5%, with
the drop on each individual dataset lower than 10%. By contrast, Raha, ED2, and
SPAED suffer average performance reductions of 13.8%, 16.5%, and 11.2%, re-
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spectively. These results strongly validate the outstanding robustness and stability

of the proposed JCED model against increasing data error rates.

5.4. Ablation Experiment

Table 1. Ablation experiments on different datasets.

Algorithm hospital  flight beers rayyan  movie

withno-Grouping Module 0.948 0.836 0.934 0.948 0.923

withno-Sentence Transformer 0.938 0.831 0.935 0.944 0.927

withno-WordVec 0.930 0.825 0.924 0.934 0.901
withno-Sampling Module 0.955 0.847 0.914 0.942 0.911
withno-Classifier Module 0.975 0.871 0.974 0.963 0.942

with-All 0.986 0.884 0.999 0.974 0.959

Table 1 presents the quantitative results of module-level ablation experiments
across five datasets, where the optimal results are highlighted in bold. The com-
prehensive ablation analysis verifies that the full JCED model consistently outper-
forms all its variant models with individual components removed, demonstrating
the robustness and overall efficacy of the complete framework.

Quantitative statistics demonstrate the individual contributions of each mod-
ule. The grouping module yields an average performance improvement of 4.6%
across all datasets. As a core component of the joint representation module, Sen-
tence Transformer enhances contextual semantic modeling capability, bringing a
5.0% average performance gain. Although Word2Vec generates static word em-
beddings with limited contextual perception and fixed window constraints, it still
delivers a 6.4% average improvement by providing stable lexical feature represen-
tations. Additionally, the proposed sampling module contributes a 5.1% perfor-
mance boost, while the classifier module achieves a moderate average gain of
1.6%.

Further dataset-specific analysis reveals that removing any module induces ap-
parent performance degradation, and the contribution degree of each component
varies significantly across diverse datasets. The grouping module achieves the
largest gain of 6.9% on the Beers dataset but only a marginal improvement of 2.7%
on the Rayyan dataset. Similarly, Sentence Transformer and Word2Vec attain
prominent performance increments of 6.8% and 8.1% on the Beers dataset, while
their improvements decrease to 3.2% and 4.3% on the Rayyan dataset, respec-
tively. For the sampling module, the performance gain reaches 9.3% on the Beers
dataset but drops to 3.2% on the Hospital dataset. The classifier module yields a
maximum improvement of 2.6% on the Beers dataset and a minimum gain of 1.1%
on the Hospital dataset.

These results quantitatively validate the differentiated effectiveness of each

JCED module for distinct data characteristics, confirming the model’s strong
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adaptability to complex and diverse datasets. Overall, every embedded component
is indispensable to the final performance of JCED. The ablation study not only
verifies the superiority of the complete model framework but also clarifies the
complementary interactions among different modules. This provides valuable in-
sights for subsequent model optimization, cross-domain adaptation, and ad-

vanced error detection research.

5.5. Conclusions

This study proposes JCED, an end-to-end tabular error detection framework tai-
lored for low-label scenarios. By integrating four complementary modules—dis-
tance-correlation-based column grouping, hybrid context-adaptive embedding
representation, two-stage informative instance sampling, and IPS-bias-corrected
classification—JCED establishes a robust and generalizable error detection para-
digm. Unlike individual module improvements, the core innovation stems from
their inherent synergy, which substantially enhances detection reliability under
limited annotation budgets. Extensive experiments on multiple public datasets
validate the key conclusions as follows:

1) JCED achieves outstanding detection performance with sparse labeled sam-
ples and exhibits strong robustness against diverse data error rates.

2) The full combination and coordination of all embedded modules contribute
to the model’s optimal overall performance, demonstrating clear synergistic ef-
fects.

3) The collaborative grouping and joint embedding learning effectively capture
structural and contextual table features. The optimized sampling strategy ensures
reliable detection under label scarcity, while IPS weighting effectively alleviates

sampling bias, further stabilizing and improving the final detection performance.
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