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Abstract
To address the existing problems of errors and over-medicalization in the current
diagnosis and treatment of neoplastic diseases, this paper proposes an inspection
and control mechanism and solution for identifying erroneous and excessive med-
ical interventions by extracting imaging information from expert prescriptions
of similar cases based on medical big data and utilizing machine learning classi-
fication models. This solution leverages CT and MRI images accumulated over
the long term in medical records of various tumor diseases in hospitals. Using
the actual tumor type in each diagnostic and treatment process as the ground
truth, corresponding imaging data types are selected from the medical database
for feature extraction, feature selection, and model construction to obtain a pre-
dictive classifier for that tumor type, which predicts the benign or malignant
status of the current case. Issues of over-treatment and diagnostic errors in the
treatment process are identified through comparison with physicians’diagnostic
results. The core objective is to enhance the discrimination accuracy of au-
tomated methods to reduce the likelihood of misdiagnosis in tumor diseases.
Experimental results demonstrate that SVM_RFE dimensionality reduction
combined with Spearman redundancy removal achieves superior performance
in SVM models for lung nodule benign-malignant classification compared to
traditional SVM_RFE methods, and also outperforms conventional radiomics
approaches. This solution can promptly detect errors and over-treatment issues
and issue early warnings, serving a supervisory and reminder function. While
preventing and avoiding diagnostic and therapeutic errors, it reduces reliance
on manual identification and provides a novel approach for addressing medical
errors and alleviating patient burden.
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Full Text
Abstract
Aimed at addressing the pervasive issues of erroneous and excessive medical
treatment in tumor disease diagnosis and management, this study proposes a
control mechanism and solution for detecting misdiagnosis and overtreatment
by leveraging machine learning classification models. The approach extracts
imaging information from expert prescriptions in similar medical cases based
on large-scale medical data. Relying on CT and MRI images accumulated in
hospital databases across various tumor cases, the method selects corresponding
imaging data for each tumor type encountered during clinical practice, performs
feature extraction and selection, and constructs predictive classifiers to deter-
mine tumor malignancy. By comparing these predictions with physician diag-
noses, the system identifies potential instances of overtreatment or misdiagnosis.
The core objective is to reduce diagnostic errors in tumor diseases by improving
classification accuracy independent of manual judgment. Experimental results
demonstrate that SVM_RFE dimensionality reduction combined with Spear-
man redundancy elimination outperforms traditional SVM_RFE methods in
SVM-based classification of pulmonary nodule malignancy, while also surpass-
ing conventional radiomics approaches. This solution enables timely detection
and early warning of medical errors and excessive treatment, serving a supervi-
sory and reminder function. It reduces reliance on manual differentiation while
preventing diagnostic mistakes, offering a novel pathway to mitigate erroneous
medical practices and alleviate patient burden.

Keywords: erroneous medical treatment; machine learning; Spearman;
SVM_RFE; SVM classifier

0 Introduction
According to “Cancer Statistics in China, 2015”published by Professor Chen
Wanqing and colleagues from the National Cancer Center in January 2016,
China—a country with 1.37 billion people—saw an estimated 4.292 million new
cancer cases and 2.814 million cancer deaths in 2015 alone. Lung cancer inci-
dence and mortality rank highest among all cancers, with one Chinese person dy-
ing from lung cancer every 1.2 minutes on average [1]. While scientific progress
has expanded treatment options, the proliferation of drugs and novel therapies
has exacerbated problems of medical errors and overtreatment. Erroneous and
excessive medical treatment refers to situations where physician subjectivity or
negligence worsens patient conditions or increases patient burden during diagno-
sis and treatment, including but not limited to misdiagnosis, medication errors,
and surgical mistakes [2].

Tumor diseases carry high mortality rates and treatment costs, and misdiagnosis
inflicts tremendous suffering and financial burden on patients. Current clinical
diagnosis of tumor malignancy primarily relies on physicians’subjective experi-
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ence combined with certain clinical features. Further confirmation occurs only
after physicians suspect malignancy. For patients with benign tumors, misclas-
sification as malignant leads to unnecessary follow-up examinations and treat-
ments—constituting overtreatment. Conversely, malignant tumors misdiagnosed
as benign cause patients to miss critical early treatment windows. Therefore,
solving the benign-malignant classification problem is key to reducing erroneous
and excessive medical treatment in tumor diseases.

Due to its sporadic nature and ambiguous evaluation criteria, research on med-
ical errors has seen limited breakthrough progress. Some countries primarily
rely on moral constraints and public pressure to reduce such incidents, or stan-
dardize medication procedures under professional supervision, without achieving
technical monitoring and management of errors and overtreatment [3]. In 2012,
Professor Lambin’s radiomics concept sparked enthusiasm among medical re-
searchers for disease prediction based on medical imaging. Subsequent years
have seen continuous advancement in research using image analysis combined
with statistical linear regression methods to predict disease severity for major tu-
mor conditions, aiming to transform the traditional practice of relying solely on
physicians’film-reading experience [4]. In 2016, Carneiro demonstrated the po-
tential of machine learning-based nonlinear classification methods for predicting
5-year mortality in elderly patients using CT images [5], offering an alternative
approach to addressing medical error problems.

This study focuses on constructing highly reliable benign-malignant classifi-
cation models based on tumor patient records to reduce the probability of
overtreatment and misdiagnosis. For 194 collected pulmonary nodule cases,
we first applied the mainstream radiomics method: extracting texture features
from medical images, performing dimensionality reduction via lasso regression,
modeling with logistic regression, and evaluating the model using ROC curves.
We then employed alternative statistical and machine learning methods in the
dimensionality reduction and modeling stages to compare different feature selec-
tion and modeling approaches. Results demonstrate that the model combining
Spearman redundancy elimination with SVM_RFE dimensionality reduction
and SVM classification achieves optimal performance in distinguishing benign
from malignant pulmonary nodules.

1 Framework for Detecting Overtreatment and Misdiagno-
sis
Based on extensive tumor disease data and thorough investigation of hospital
workflows, this study proposes a control mechanism and methodology for de-
tecting erroneous and excessive treatment in tumor diseases. The mechanism
begins with patient medical records, using imaging information to predict tumor
malignancy through machine learning methods. By comparing these predictions
with actual diagnoses, the system generates evaluation reports to provide early
warning and supervision of potential misdiagnosis and overtreatment. Cases
showing large discrepancies between predicted and actual diagnoses, with error
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rates exceeding predefined thresholds, are submitted to higher-level regulatory
bodies to help physicians identify potential issues promptly and prevent their
occurrence. This solution aims to establish a scientific and standardized eval-
uation mechanism for overtreatment and misdiagnosis across numerous tumor
conditions through radiomics-based data mining, thereby improving objectivity
and reducing manual assessment dependency. The specific monitoring frame-
work is illustrated in Figure 1 [Figure 1: see original paper].

As shown in Figure 1, the framework separates the diagnosis process (which
involves high physician participation) from the evaluation process (which as-
sesses diagnostic results), minimizing human influence on evaluation reports to
enhance objectivity. By leveraging large-scale imaging data from existing med-
ical records, the framework improves the repeatability and credibility of predic-
tive models. When tumor patients visit hospitals, physicians combine patient
symptom descriptions with medical examinations to formulate diagnoses based
on personal knowledge and experience, generating medical records containing
CT/MRI imaging data.

These records serve as inputs to a filter that screens and extracts features from
diverse tumor imaging data in the medical database for subsequent machine
learning, establishing predictive models corresponding to actual diagnostic out-
comes. The imaging data from records are then fed into the trained predictor to
extract discrete or continuous values from multiple feature attributes. Classifica-
tion results are compared with clinical malignancy indicators (actual diagnoses)
to determine whether medical errors occurred during treatment. Discrepancies
between predictions and actual diagnoses flag potentially erroneous processes,
triggering warnings in evaluation reports. Matching results indicate absence of
errors or overtreatment, prompting the framework to consider the process com-
pliant and add the record’s imaging data and diagnosis to the trusted medical
database as new training samples, preserving both the imaging data and clinical
malignancy labels for future modeling.

The medical database forms the foundation of predictive modeling, storing not
only pathological and pharmaceutical knowledge but also expert prescription
libraries. Database richness and accuracy directly affect model credibility. Dur-
ing initial database construction, ensuring model correctness requires starting
with absolutely reliable samples. Therefore, early-stage tumor imaging data
must derive from surgically resected cases with pathologically confirmed results
serving as gold-standard labels for the images.

2 Modeling Methods for Overtreatment and Misdiagnosis
Detection
2.1 Classification Model for Overtreatment and Misdiagnosis

The core of solving erroneous and excessive medical treatment lies in establish-
ing reliable classification models to identify diagnostic errors. Support Vector
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Machine (SVM) is a binary classification model defined as a linear classifier
with maximum margin in feature space. Its learning strategy of margin max-
imization transforms into a convex quadratic programming problem, perfectly
matching the tumor benign-malignant classification needs for medical error de-
tection. This study applies SVM theory to address medical error problems.

According to SVM principles described in literature [7], given benign and ma-
lignant samples of a specific tumor disease as the training set D = {(x�, y�), (x�,
y�), ⋯, (x�, y�)}, where x� represents various image feature parameters extracted
from medical record imaging data and y� denotes the patient’s true tumor ma-
lignancy level, the fundamental classification idea involves finding a separating
hyperplane in sample space that divides different categories. Let y� represent
the target disease category and y�⋯y� denote other disease types uniformly la-
beled as y�. The ideal goal is to locate a hyperplane “in the middle”between
y� and y� training samples. In sample space, the separating hyperplane can be
described by the linear equation [7]:

𝜔𝑇 𝑥 + 𝑏 = 0

where � is the normal vector determining hyperplane orientation, and b is the
displacement term determining distance from the origin. Clearly, the hyperplane
is determined by � and b, denoted as (�, b). The distance from any point in
sample space to hyperplane (�, b) can be expressed as:

𝑟 = |𝜔𝑇 𝑥 + 𝑏|
‖𝜔‖

Assuming hyperplane (�, b) correctly classifies y� and y� training samples, then
for (x�, y�) � D, if belonging to target disease y�, we have �^T x� + b � 0; if not
belonging to target disease y�, then �^T x� + b < 0, which can be written as:

{𝜔𝑇 𝑥𝑖 + 𝑏 ≥ +1, 𝑦𝑖 = +1
𝜔𝑇 𝑥𝑖 + 𝑏 ≤ −1, 𝑦𝑖 = −1

Training sample points that satisfy these conditions are called“support vectors.”
The sum of distances from two heterogeneous support vectors to the hyperplane
is:

𝛾 = 2
‖𝜔‖

This is referred to as the “margin”[7].

The workflow for the overtreatment/misdiagnosis classification model involves
constructing classifiers based on tumor disease types described in medical
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records and corresponding imaging data. Since CT/MRI imaging aims to
correctly identify malignant tumor cases, we select a certain number of
malignant case images for a specific tumor type from the medical database as
the SVM training positive sample set, and an equal number of benign case
images as the negative sample set. Training on these data identifies the optimal
separating hyperplane, yielding the final prediction model for distinguishing
tumor malignancy. The consistency between this prediction result and the
physician’s diagnosis serves as the criterion for evaluating overtreatment and
misdiagnosis.

2.2 Feature Selection Algorithm

Considering that major diseases yield numerous clinical features—particularly tu-
mor diseases with imaging data where image-based feature information is vast
—using SVM for predictive modeling can easily lead to overfitting due to high
data dimensionality, ultimately affecting model generalization. Therefore, fea-
ture selection is crucial. For diseases with complex clinical information, feature
selection reduces data volume, computational complexity, and time consump-
tion. Moreover, not all feature attributes positively contribute to predictive
models; feature selection reduces dimensionality and filters out interfering fea-
tures to improve prediction accuracy.

SVM_RFE is a feature ranking and selection algorithm based on Support Vector
Machines [8]. The algorithm implementation consists of three steps: (a) Train
SVM on the dataset containing multiple clinical feature parameters to obtain the
Lagrange multiplier vector of SVM regularization terms (classifier parameters);
(b) Calculate the weight vector for each feature in input space to obtain complete
SVM weights; (c) Rank weight vectors using appropriate sorting methods and
remove features with minimal contribution (lowest impact on correct target
disease classification) until only one feature remains.

The entire SVM weight is denoted as �, while ���� represents SVM weight after
removing the p-th feature [9]. This ranking method, based on feature weights
generated during SVM training, selects parameters highly correlated with clas-
sification results, achieving good prediction performance when combined with
SVM classifiers. However, this sequential feature reduction approach cannot ad-
equately consider inter-feature relationships, potentially allowing several highly
correlated features to simultaneously rank at the top and compress feature se-
lection space, preventing identification of optimal feature combinations.

To address this limitation, this study employs Spearman correlation-based re-
dundancy elimination before SVM_RFE feature selection to remove highly cor-
related features.
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3 Comparison of Spearman-Enhanced SVM and Traditional
Radiomics Methods
3.1 Training Data Extraction Process

Following the description of SVM-based medical error modeling, the next chal-
lenge involves obtaining high-quality training data to ensure model generaliza-
tion. As previously mentioned, training data originates from imaging data in
existing tumor medical records within hospital databases. The specific workflow
is shown in Figure 2 [Figure 2: see original paper].

Figure 2 illustrates the training data extraction process based on large-scale
medical records. The pathology and pharmaceutical knowledge base stores spe-
cialized knowledge and experience from medical experts, as well as excellent med-
ical records and prescriptions accumulated over years. Database richness and
correctness directly affect final model credibility. Data appears as standardized
medical records containing patient information, symptom descriptions, patho-
logical parameters, physician diagnostic orders [10], and unstructured imaging
data.

Predictive model construction extracts a certain number of malignant case im-
ages for the tumor type from the medical database as training set positive sam-
ples, and an equal number of benign case images as negative samples. Feature
extraction is performed on these randomly selected training samples, followed by
dimensionality reduction using the combined SVM-RFE feature selection algo-
rithm with Spearman redundancy elimination. Therefore, standardized collec-
tion and accumulation of training data in the medical database ensures classifier
prediction effectiveness.

3.2 Traditional Radiomics-Based Tumor Classification Model

As previously discussed, solving medical error problems hinges on establishing
reliable classification models based on pathological indicators. Correctly classi-
fying diseases is crucial—for tumors, effectively reducing medical errors during
diagnosis and treatment significantly benefits patients by eliminating unneces-
sary costs while ensuring timely appropriate treatment. Current radiomics re-
search primarily constructs tumor grading and classification models from tumor
imaging data using computer vision techniques and statistical analysis/linear
regression methods, separating tumor prediction from clinical experience accu-
mulation to evaluate accuracy and AUC metrics.

Popular radiomics methods in recent years mainly consist of four steps shown
in Figure 3 [Figure 3: see original paper]: (a) Data preprocessing, including
CT/MRI image acquisition, region-of-interest delineation (typically lesion ar-
eas) by professional physicians, and feature extraction from grayscale images;
(b) Lasso regression for dimensionality reduction on extracted features to obtain
sparse solutions for linear models; (c) Logistic regression modeling for tumor
benign-malignant classification based on selected features; (d) Model evalua-

chinarxiv.org/items/chinaxiv-201808.00125 Machine Translation

https://chinarxiv.org/items/chinaxiv-201808.00125


tion using reserved validation data, assessing generalization capability through
multiple metrics including prediction accuracy, sensitivity, and specificity [11].

3.3 Disease Prediction Model Construction Based on SVM and Sim-
ilar Expert Prescriptions

The pulmonary nodule CT imaging data studied in this research is shown in
Figure 4 [Figure 4: see original paper]. The left image shows that the lesion area
occupies a very small proportion, while the right image displays a magnified 3D
nodule view. Physicians face considerable difficulty judging nodule malignancy
based solely on such imaging information, easily leading to medical errors.

Since lesions in different human tissues exhibit varying manifestations in med-
ical images, collecting clinical features—especially imaging data—from similar
cases is challenging, resulting in insufficient training sample sizes more suit-
able for machine learning methods with good small-sample classification perfor-
mance. The modeling workflow proceeds as follows: (a) Collect N tumor CT
image cases with confirmed benign-malignant pathological labels, randomly di-
vided into training set x cases and validation set y cases; (b) Extract GLCM,
GLRLM, Histogram, and Form factor texture parameters totaling M features
from all samples through image recognition methods, obtaining an N×M feature
matrix; (c) Perform feature engineering on training samples, combining Spear-
man method to screen m most effective features for classification, reducing the
feature matrix to N×m (partial reduced-dimensional data shown in Figure 5
[Figure 5: see original paper]); (d) Construct SVM classification model based
on x training samples and validate using y validation cases to assess disease
classification prediction capability.

3.4 Comparison of Spearman-Enhanced SVM and Traditional Ra-
diomics Methods

As described in Sections 3.1 and 3.2, both methods address tumor disease
overtreatment and misdiagnosis detection identically—obtaining imaging data
from databases and feeding back benign-malignant predictions. They share sim-
ilar data preprocessing, feature extraction, and model evaluation stages, differ-
ing only in feature reduction and classifier construction. Radiomics builds gen-
eral linear regression models (logistic regression) and employs lasso regression
(L1-constrained linear regression) for sparse solutions, which inherently lacks re-
dundancy elimination functionality. In contrast, the Spearman-enhanced SVM
method uses Gaussian kernel SVM classifiers—nonlinear classifiers performing
well on non-linearly separable datasets—and combines Spearman correlation-
based redundancy elimination with SVM_RFE nonlinear dimensionality rank-
ing to better preserve effective features.
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4 Experimental Validation and Results
This study employs 194 real pulmonary nodule imaging cases collected from
the Fifth Affiliated Hospital of Sun Yat-sen University as experimental samples.
Through comparative experiments with general SVM and traditional radiomics
methods, along with visualized results, the study validates the rationality and
scientific validity of the proposed control mechanism and model. Further appli-
cability research is required before clinical implementation.

4.1 Data Division and Preprocessing

The total sample consists of 194 pulmonary nodule cases (139 benign, 55 ma-
lignant). The experiment adopts a common 7:3 training-validation split ratio.
Random selection yields 135 training cases (98 benign, 37 malignant) and 59
validation cases (41 benign, 18 malignant). Image processing extracts GLCM,
GLRLM, Histogram, and Form factor texture features totaling 330 parameters.
The training and validation datasets undergo standardization and outlier mean
imputation. Malignant tumors receive label 0, benign tumors label 1. Post-
division sample distributions are shown in Table 1 .

4.2 Feature Reduction and Modeling

Dimensionality reduction uses only training data without involving validation
data. Validation set features corresponding to selected dimensions are extracted
only during model evaluation for input to each model.

Following traditional radiomics methods, lasso algorithm reduces 330-
dimensional training data (135 cases) directly to a 10-dimensional sparse
solution, achieving maximum benefit at threshold 0.795 with 91.11% training
accuracy. Using the same dataset, Spearman redundancy elimination (correla-
tion threshold 0.85) retains 49 features. The 135×50 feature matrix (including
labels) serves as input for SVM_RFE ranking. Stepwise regression modeling
reveals optimal performance at 42 features through 10-fold cross-validation
on the training set, with 97.78% internal validation accuracy—thus selecting
these 42 features for final modeling. Similarly, SVM_RFE on 330 initial
features without Spearman preprocessing achieves optimal performance at 32
features with 97.78% internal validation accuracy, selected for traditional SVM
modeling. Detailed results appear in Table 2 .

4.3 Model Evaluation and Comparison

The validation experiment comprises three stages: data preprocessing, feature
reduction/modeling, and model evaluation/comparison. After evaluating all
three models on validation samples, the improved SVM model incorporating
Spearman redundancy elimination demonstrates optimal performance on 59 val-
idation cases, achieving 89.83% classification accuracy.

First, model m� is built using Gaussian kernel SVM on 32 features selected
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by SVM_RFE. Model m� is constructed using the same kernel on 42 features
selected by Spearman+SVM_RFE. Model m� uses logistic regression on 10 fea-
tures selected by lasso. To ensure adequate fitting and generalization capabili-
ties, both training and validation data are input to all three models for compre-
hensive evaluation via ROC curves, accuracy, AUC, sensitivity, and specificity
metrics. Figures 6 [Figure 6: see original paper] and 7 [Figure 7: see original
paper] show ROC curves for the three models on training and validation sets.
Training set predictions show very similar and excellent performance across all
models, indicating strong fitting capabilities with minimal differences. Vali-
dation set ROC curves all lie far from the diagonal axis, demonstrating good
generalization, but with noticeable differences: model m�’s curve is enveloped
by m�, indicating m�’s superior validation performance. SVM-based models in-
tersect with the logistic regression radiomics model, requiring additional metrics
for comparison.

For further generalization comparison, Table 3 details each model’s accuracy,
AUC, sensitivity, and specificity. Since SVM’s hyperplane maintains equal
margins to different class support vectors without threshold variation, its ROC
curve differs from logistic regression with fewer inflection points, making AUC
comparison difficult. However, SVM shows significant advantages in prediction
accuracy and clinical sensitivity. To further demonstrate m�’s superiority, clin-
ical decision curves visualize net decision benefits across models in Figure 8
[Figure 8: see original paper].

Table 3: Evaluation Metrics of Three Models on Validation Set

Model Accuracy AUC Sensitivity Specificity
Lasso+LR 84.75% - - -
Spearman+RFE+SVM 89.83% - - -
SVM_RFE+SVM 84.75% - - -

Figure 8 shows that across threshold probability ranges of 0.2–0.85, model m�’s
net decision benefit significantly exceeds the other two models, with a continuous
and sufficiently large optional threshold probability range—demonstrating excel-
lent judgment criteria. In summary, experiments prove that the SVM model
combining Spearman redundancy elimination and SVM_RFE dimensionality
reduction effectively supports the core evaluation component of the proposed
tumor disease overtreatment and misdiagnosis control mechanism, providing
beneficial supervision to reduce the incidence of medical errors during tumor
diagnosis and treatment.
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