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Abstract

Objective: Rotator cuff injury is a common cause of shoulder pain and its diagnosis
relies on MRI, which is costly. We aimed to develop a diagnostic prediction model
using routine serum markers and clinical features.

Methods: This retrospective case-control study includes 150 patients with
MRI-confirmed rotator cuff injury and 150 healthy controls. Clinical data and routine
serological markers are collected. Participants are randomly divided into training (n =
212) and validation (n = 88) sets. Variable selection is performed using univariate
logistic regression, LASSO regression with 10-fold cross-validation and the Boruta
algorithm. Independent predictors identified by multivariable logistic regression are
used to construct a nomogram. Model performance is evaluated by ROC curves,
calibration plots, Hosmer-Lemeshow test and decision curve analysis, with internal
bootstrap validation.

Results: Six variables—gender, age, total cholesterol, globulin, gamma-glutamyl
transferase and lymphocyte-to-monocyte ratio—are independent predictors. The
nomogram achieves an AUC of 0.880 (bootstrap-corrected 0.879) in the training
cohort and 0.921 in the wvalidation cohort. Calibration is satisfactory
(Hosmer-Lemeshow P=0.941 and 0.147, respectively). Decision curve analysis
confirms clinical utility.

Conclusion: The nomogram shows robust discrimination, calibration, and clinical net
benefit, providing a promising non-invasive tool for early screening of rotator cuff

injury.
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Introduction

Rotator cuff injury is one of the most common causes of shoulder pain and
dysfunction. Its pathological process involves multiple mechanisms such as tendon
degeneration, oxidative stress and chronic inflammatory response!!l. Epidemiological
data show that the prevalence of this disease in the general population increases
significantly with age, particularly in middle-aged and elderly populations. Clinical



manifestations mainly include shoulder pain, limited mobility and muscle weakness,
severely impairing patients' quality of life. With the intensification of population
aging, the burden of rotator cuff injury is also increasing. A study based on New
Zealand's national insurance database recorded over 350,000 claims for traumatic
rotator cuff injury over a 9-year period, with related medical and socioeconomic costs
reaching up to 960 million New Zealand dollars. These figures indicate that this
disease has become an important public health issue?. A rotator cuff injury is not a
static condition but a progressive pathological process involving tendons, muscles and
potentially even bony structures. The initial phase after injury is dominated by acute
inflammation and catabolism, gradually transitioning to irreversible degenerative
changes such as fatty infiltration, fibrosis and muscle atrophy™. Without timely
intervention, some patients with partial-thickness tears may experience progressive
enlargement of the tear over time, potentially progressing to full-thickness or massive
tears, ultimately leading to irreparable tendon damage!*l. This structural destruction
not only directly weakens the dynamic stability of the shoulder joint but also alters the
kinematics of the glenohumeral joint, leading to significant limitations in patients'
daily activities, particularly in movements requiring overhead or rotational functions®!.
Furthermore, the negative impact of rotator cuff injury on functional prognosis can
persist. Even in professional athletes, partial-thickness tears can lead to a significant
decline in throwing-related indicators two years after injury. It is noteworthy that the
same injury exhibits different progression trajectories at different ages. Young patients
often present with localized injuries, while elderly patients show more extensive
tendon degeneration and complex tears, suggesting that the natural course of the
injury is significantly age-dependent!®l. Although there has been considerable
discussion on the diagnosis and treatment strategies for rotator cuff injury, most
studies focus on optimizing treatment plans, such as the application of platelet-rich
plasma and rehabilitation interventions. Clinical research on early identification and
risk prediction remains relatively limited. Therefore, a comprehensive understanding
of the progression patterns and risk factors of rotator cuff injury, and the exploration
of objective, easily accessible biological markers associated with this condition, are of
significant clinical relevance to prevent disease progression to an irreversible stage.

Currently, the clinical diagnosis of rotator cuff injury primarily relies on physical
examination and imaging modalities such as magnetic resonance imaging (MRI).
Although physical examination is widely used as a preliminary screening tool, its
accuracy is highly susceptible to factors such as the examiner's experience and
overlapping patient symptoms, leading to considerable variability in diagnostic
efficacy!”!. MRI, with its excellent soft tissue resolution, is recognized as the imaging
gold standard for diagnosing rotator cuff injury, demonstrating high sensitivity and
specificity for detecting full-thickness tears and providing anatomical basis for
surgical planning!®. However, MRI is relatively expensive, exhibits limited
availability in some primary care settings and is subject to interpretative variability
regarding partial-thickness tears and early degenerative injuries, thereby
compromising inter-reader consistency!. Additionally, the non-dynamic nature of
MRI examination limits a comprehensive assessment of rotator cuff functional status



to some extent!!”). It is noteworthy that the degree of structural repair is often not
entirely consistent with the recovery of clinical symptoms, suggesting that relying
solely on imaging assessment may not fully reflect the overall pathophysiological
state of rotator cuff injury!!!l.

In recent years, increasing evidence suggests that rotator cuff injury is not merely a
localized tendon lesion. Its etiology and progression may be accompanied by systemic
metabolic disorders and inflammatory responses. For example, coordinated changes
in the circulating metabolite profile have been observed in patients with full-thickness
rotator cuff tears, suggesting that systemic biological signals may elucidate the
pathological mechanisms of rotator cuff injury!!'l. Specifically, the chronic
degenerative process of the rotator cuff tendon is not an isolated case of localized
mechanical attrition but is closely related to the body's systemic metabolic state and
inflammatory-immune network. Research indicates that the expression of
inflammatory, adipogenic and fibrotic markers including high mobility group box 1
(HMGB1), peroxisome proliferator-activated receptor gamma and alpha-smooth
muscle actin is significantly upregulated in the rotator cuff muscle tissue of smokers,
indicating that systemic exposures can exacerbate tendon degeneration by driving
local inflammation and lipid metabolism reprogramming!'?l. Furthermore, the extent
of intramuscular fatty infiltration following rotator cuff injury shows a significant
correlation with MRI-based fatty infiltration grading at the cellular level. Furthermore,
the quantity of lipid accumulation within muscle fibers is significantly greater in
patients with full-thickness tears compared to those with partial-thickness tears and
healthy controls, indicating that disruptions in lipid metabolism play a pivotal role in
the degeneration of the tendon-muscle unit!’®, Consistent with these findings,
metabolomics studies have also reported significantly elevated concentrations of lipid
metabolites such as sphingomyelin and glycerophospholipids in the serum and joint
capsule tissue of patients with rotator cuff injury complicated by joint stiffness,
wherein these levels are found to be positively correlated with serum total cholesterol,
further supporting the hypothesis that lipid metabolism abnormalities contribute to the
pathogenesis of rotator cuff disease!'*). Meanwhile, the role of inflammatory response
in rotator cuff injury has also received widespread attention. Animal experiments have
confirmed that TNF-a expression is elevated locally after rotator cuff injury. This
elevation, in turn, exacerbates the inflammatory cascade, oxidative stress and
apoptosis via the upregulation of nerve growth factor, indicating that the
inflammatory-immune pathway may be a key bridge linking injury and
degeneration!!®). Moreover, previous understanding of the pathogenesis of rotator cuff
injury has mostly focused on local factors such as tendon degeneration, mechanical
stress injury in the hypovascular zone and trauma. However, recent studies have
gradually revealed a more complex systemic pathophysiological background!'®). In the
context of inflammatory markers, studies have indicated that the preoperative
peripheral blood lymphocyte-to-monocyte ratio (LMR) is a potential predictor of
functional recovery after arthroscopic rotator cuff repair, suggesting that systemic
inflammatory status may play a significant role in the progression of rotator cuff
pathology!!”). Genetic evidence based on Mendelian randomization also suggests a



potential association between elevated levels of certain circulating inflammatory
proteins and an increased risk of rotator cuff tears!'®!. In the field of lipid metabolism,
some cross-sectional studies have found that total cholesterol and low-density
lipoprotein cholesterol levels are significantly higher in patients with rotator cuff tears
compared to those without tears!'”). However, other studies have failed to replicate
this association, showing no significant differences in serum triglyceride and total
cholesterol concentrations between rotator cuff tear patients and controls??,
Furthermore, lipidomics-based analysis reveals that changes in specific lipid
molecular species are associated with rotator cuff injury and the extent of fatty
infiltration within the rotator cuff, suggesting that traditional lipid markers may not
fully capture the local metabolic disorders in the rotator cuffi?!l. In summary, existing
evidence indicates that the etiology and progression of rotator cuff injury involve
multiple pathophysiological processes, including local and systemic inflammatory
responses, metabolic  abnormalities and lipid metabolism  disorders.
Inflammatory-immune-related serum markers and metabolic indicators may be
involved.

Systemic inflammatory response ratios, including the neutrophil-to-lymphocyte ratio
(NLR), platelet-to-lymphocyte ratio (PLR) and lymphocyte-to-monocyte ratio (LMR),
integrate information from multiple immune cell subsets, are easy to measure and
exhibit high stability. In recent years, they have shown potential auxiliary diagnostic
value in the clinical evaluation of various joint diseases. These indicators combine
changes in the number of effector cells of innate and adaptive immunity, allowing for
a more sensitive reflection of subtle fluctuations in the body's systemic inflammatory
status. In diseases such as osteoarthritis and rheumatoid arthritis, studies have
confirmed correlations between these ratios and disease activity, inflammatory burden
and prognosis, serving as effective supplements to traditional inflammatory markers.
However, in the field of rotator cuff injury, where local tendon degeneration and
repair impairment are the core pathological features, research on the diagnostic value
of systemic inflammatory indicators such as NLR, PLR and LMR remains relatively
scarce. Whether they can reflect the systemic inflammatory response associated with
rotator cuff injury and assist in clinical diagnosis currently lacks sufficient evidence.

In recent years, constructing disease prediction models based on serological markers
has become an important direction in clinical research. In various disease fields,
researchers have attempted to integrate multiple serological markers and clinical
features, using machine learning algorithms to construct diagnostic or prognostic
prediction models, achieving good predictive performance. Notably, studies on the
early diagnosis of bone metastasis in non-small cell lung cancer, the prediction of
recurrence in idiopathic nephrotic syndrome and the prognostic assessment of
nasopharyngeal carcinoma have demonstrated that combined multi-marker models
outperform single-marker models?*?*!. These studies suggest that routine laboratory
markers contain diagnostic information that has not yet been fully explored.
Integrating these markers through appropriate statistical methods is expected to
enhance capabilities for early disease identification. In the development process of



diagnostic prediction models, model validation and performance evaluation are key
steps connecting model construction and clinical application. A well-performing
model not only needs to demonstrate excellent discrimination ability but also requires
good calibration and clinical utility. Relying solely on the goodness-of-fit within the
training set to judge model quality often leads to overestimation of the model's
generalization ability due to overfitting, thereby weakening its application value in
actual clinical settings. Therefore, adopting a scientific internal validation strategy to
quantify and correct the model's overfitting bias is crucial. Currently, the Bootstrap
resampling method, owing to its ability to fully utilize original sample information
and effectively estimate model optimism, has emerged as a standard approach for
internal validation of diagnostic models. Many studies have employed this method in
conjunction with calibration curves and decision curve analysis (DCA) to conduct a
comprehensive evaluation of models across multiple dimensions including
discrimination, calibration and clinical net benefit!>>?¢l. For example, in studies on
diagnostic models for frailty status in chronic heart failure and MASLD, researchers
have demonstrated robust performance of the models through bootstrap internal
validation and evaluated their calibration accuracy and clinical utility using
calibration curves and DCA®"*], However, in the context of rotator cuff injury, a
common musculoskeletal disease, most existing studies primarily focus on analyzing
associations between individual or limited numbers of serological markers and disease
risk, while largely overlooking the interactions between multiple serological markers
and their combined diagnostic efficacy. Furthermore, although some studies have
attempted to construct multifactorial models, there are few clinically predictive tools
based on routine laboratory markers presented in a visual format. This hinders
clinicians from applying research findings to individualized risk assessment, thereby
impeding the translation of research evidence into clinical practice. Given that
diagnosing rotator cuff injuries remains challenging and the performance of
diagnostic models utilizing routine serological markers necessitates rigorous
validation. This study systematically evaluates the discrimination, calibration and net
clinical benefit of the diagnostic model through internal cross-validation and bootstrap
resampling to ensure model stability and generalizability, thereby establishing a
methodological framework for subsequent external validation and clinical
implementation.

Materials and Methods

Study Design and Subjects

This study employs a retrospective case-control design. A total of 150 patients
diagnosed with rotator cuff injury via MRI at the Third People's Hospital of Bengbu
between July 1, 2024 and December 31, 2025, are included as the case group.
Concurrently, healthy individuals without shoulder joint diseases or related systemic
disorders who undergo health check-ups at the same hospital's health examination
center during the same period are selected as the control group (n = 150).



Data Collection

Clinical data of the patients are collected, including age, gender, height, weight and
body mass index (BMI). Venous blood samples are collected from all subjects in an
early-morning fasting state and routine serological indicators are analyzed,
specifically including: liver function indicators comprising alanine aminotransferase
(ALT), aspartate aminotransferase (AST), gamma-glutamyl transferase (GGT),
albumin (ALB) and globulin (GLB), lipid indicators: total cholesterol (TC),
triglycerides (TG), high-density lipoprotein cholesterol (HDL) and low-density
lipoprotein cholesterol (LDL), blood glucose indicator: fasting blood glucose (FBG),
renal function indicators: urea, creatinine (Cr) and uric acid (UA), complete blood
count indicators: white blood cells (WBC), neutrophil count (Neut), lymphocyte count
(Lymph), monocyte count (Mono), hemoglobin (Hb) and platelets (PLT), systemic
inflammatory indicators: neutrophil-to-lymphocyte ratio (NLR),
platelet-to-lymphocyte ratio (PLR) and lymphocyte-to-monocyte ratio (LMR).

Rotator Cuff Injury Patients

Inclusion Criteria

1. A confirmed diagnosis of rotator cuff injury established via MRI, encompassing
both full-thickness and partial-thickness tears.

2. Patient age of 18 years or older.

3. Completion of routine serological testing and clinical data collection within 24
hours of admission.

Exclusion Criteria

1. Concurrent shoulder pathologies of other etiologies, including subacromial
impingement syndrome, adhesive capsulitis (frozen shoulder), shoulder joint infection
or tumors.

2. Concomitant systemic infections, autoimmune diseases or active inflammatory
conditions.

3. A history of chronic use of glucocorticoids, immunosuppressants or biologic
agents.

4. Severe hepatic or renal insufficiency, hematologic disorders or a history of
malignant neoplasms.

5. Excessive missing data, defined as > 20% absence of key serological indicators.

Healthy Check-Up Population

Inclusion Criteria

1. Routine health check-ups at the same health examination center concurrently.

2. No clinical symptoms such as shoulder pain or restricted range of motion, and no
abnormalities upon physical examination.

3. No history of rotator cuff injury or shoulder joint surgery.



Exclusion Criteria

1. Imaging findings indicating any rotator cuff abnormality, even if asymptomatic.

2. Presence of systemic diseases matching those in the case group, including
infections, autoimmune diseases and advanced kidney disease.

3. History of acute infection or surgical intervention within the preceding 3 months.

4. Use of medications that may affect serological indicators, such as glucocorticoids,
lipid-lowering drugs or anticoagulants.

5. Incomplete medical records with significant missing data.

Diagnostic Criteria for Rotator Cuff Injury
MRI findings are characterized by high signal intensity within the rotator cuff tendon,
discontinuity of the tendon, tearing or retraction.

Statistical Analysis

Statistical analysis is performed using R (version 4.2.1). The dataset is randomly
divided into training and validation sets at a 7:3 ratio, with a fixed random seed (seed
= 52) to ensure reproducibility. All variable screening and model construction
analyses are conducted exclusively on the training set, while the validation set
remains blinded throughout the process to evaluate the model's generalizability.

In the training set, univariate logistic regression analysis is first used to screen for
statistically significant variables (P < 0.05). Subsequently, Lasso regression analysis
with 10-fold cross-validation is employed to identify variables with non-zero
coefficients at lambda.lse through coefficient screening and variable trajectory
analysis. Next, the Boruta algorithm is used for variable selection. Finally, the
intersection of variables with non-zero coefficients at lambda.1se and those selected
by the Boruta algorithm is computed to define the final included variables. Variables
meeting the criteria are incorporated into a multivariate logistic regression model to
identify independent predictors with diagnostic value (P < 0.05). Based on these
independent predictors, a visual diagnostic nomogram is constructed and the included
variables are evaluated using ROC curves.

To assess internal stability and correct for overfitting bias, bootstrap resampling
(1,000 iterations) is employed to evaluate discrimination via ROC curves, calibration
via calibration plots and the Hosmer—Lemeshow test, and clinical utility via decision
curve analysis (DCA).

To validate the model's generalizability, the fixed prediction model constructed from
the training set is directly applied to the validation set (without variable screening or
model reconstruction), and bootstrap resampling (B = 1000 times) is similarly used to
evaluate discrimination, calibration and clinical application value via ROC curves,
calibration curves and DCA.

Results

Univariate Logistic Regression Analysis
As previously described, the dataset is divided in a 7:3 ratio. Univariate logistic



regression is performed on the training set to preliminarily screen for statistically
significant indicators. As shown in Figure 1, the results of the univariate logistic
regression analysis indicate that Gender, Age, UA, TC, ALB, GLB, GGT, Hb and
LMR are all statistically significant (P < 0.05). Other indicators, such as alanine
aminotransferase, aspartate aminotransferase, triglycerides, high-density lipoprotein
cholesterol, low-density lipoprotein cholesterol, Fasting blood glucose, urea,
Creatinine, white blood cell count, neutrophil count, lymphocyte count, monocyte
count, platelet count, neutrophil-to-lymphocyte ratio and platelet-to-lymphocyte ratio,
do not reach the level of statistical significance (P > 0.05).

Characteristics _ Total(N) OR(95% CI) Univariate analysis P value Univariate analysis
Gender 212 .
1 124 Reference |
0 88 0.455 (0.260 — 0.794) - | 0.006
Age 212 1.069 (1.043 — 1.096) L] < 0.001
FBG 212 1.268 (0.986 — 1.631) Lo— 0.064
BUN 212 1.159 (0.968 — 1.387) ':-0-' 0.109
Cr 212 1.018 (0.999 — 1.038) [ ] 0.067
UA 212 0.995 (0.992 - 0.999) L] 0.007
TC 212 1.811 (1.245 - 2.633) | —— 0.002
HDL 212 0.932 (0.412 - 2.107) —il—- 0.866
ALB 212 0.819 (0.732 - 0.917) -, < 0.001
GLB 212 0.870 (0.800 — 0.946) L] 0.001
ALT 212 0.993 (0.970 - 1.017) L] 0.582
AST 212 0.961 (0.914 - 1.010) L] 0.114
GGT 212 1.019 (1.002 - 1.037) b 0.027
LYMPH 212 0.986 (0.581 — 1.674) '—+—‘ 0.959
PLT 212 1.003 (0.999 — 1.008) ? 0.134
HB 212 0.976 (0.959 — 0.994) L] 0.009
NLR 212 1.274 (0.941 - 1.726) Le— 0.118
PLR 212 1.005 (0.998 — 1.011) + 0.14
LMR 212 0.591 (0.487 — 0.717) i <0.001

2
Figure 1: Results of the univariate logistic regression analysis for patients with rotator
cuff tears. For the gender variable, 0 denotes male and 1 denotes female.

LASSO Regression Analysis and Boruta Algorithm Analysis

Based on the candidate indicators screened by univariate logistic regression, a LASSO
regression model is developed using the training set via 10-fold cross-validation. By
combining coefficient screening with coefficient path analysis, seven variables with
non-zero coefficients at lambda.1se are ultimately identified: Gender, Age, UA, TC,
GLB, GGT and LMR (Figure 2A).

To evaluate the importance of each candidate variable, the Boruta algorithm, which
relies on random forests, is applied to the same set of indicators. This algorithm
generates shadow attributes by randomly permuting the predictor variables and
compares the importance scores of the genuine variables with those of the shadow
variables. Variables whose importance consistently exceed the maximum shadow
importance across iterations are classified as "confirmed," those that do not are
classified as '"rejected," and ambiguous ones are labeled '"tentative." A
multiple-comparison-corrected statistical test is used to determine variable
significance, with a significance threshold of two-sided P < 0.01 and a maximum of
200 iterations. Tentative variables remaining after the maximum iterations are
resolved using the TentativeRoughFix method, based on their median importance
relative to the shadow variables. Ultimately confirmed variables are included in the
final screening results. As shown in Figure 2C, the Boruta algorithm identifies Gender,
Age, UA, TC, ALB, GLB, GGT, Hb and LMR.

The final variable set is determined by taking the intersection of the results from the



LASSO regression and Boruta algorithm analyses, comprising Gender, Age, UA, TC,
GLB, GGT and LMR.
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Figure 2: Results of Lasso regression and Boruta algorithm analyses in patients with
rotator cuff tears. Figure 2A shows Lasso coefficient screening, Figure 2B illustrates
the solution path of variables in the Lasso model and Figure 2C displays the feature
selection results obtained via the Boruta algorithm.

Multivariate Logistic Analysis

In the training set, we conduct multivariate logistic regression analysis to test the
significance of the above intersection variables, using P < 0.05 as the screening
criterion. As shown in Figure 3, multivariate logistic regression analysis identifies
Gender, Age, TC, GLB, GGT and LMR as statistically significant (P < 0.05).

A Variance Inflation Factor (VIF) between 0 and 10 is generally considered indicative
of no severe multicollinearity. To further evaluate multicollinearity among the
predictor variables, we assess it using the VIF. The results in Table 1 show that the
VIF values for all variables are well below the common threshold, specifically:
Gender (1.7201), Age (1.1374), TC (1.0853), GLB (1.1515), GGT (1.2731) and LMR
(1.0348). None of the above variables exhibit severe multicollinearity, indicating
sufficient independence among them.



Characteristics Total(N)  OR(95% CI) Multivariate analysis P value Multivariate analysis

Gender 212 :
[
1 124 Reference :
0 88 0.332 (0.129 - 0.851) D—!E 0.022
Age 212 1.077 (1.042 - 1.112) Ip < 0.001
1
UA 212 0.994 (0.989 - 1.000) * 0.057
TC 212 2.286 (1.390 - 3.761) i —— 0.001
GLB 212 0.813 (0.726 — 0.911) I: < 0.001
GGT 212 1.036 (1.007 — 1.066) :i' 0.016
LMR 212 0.685 (0.551 - 0.852) llli <0.001
¥
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Figure 3: Multivariate Logistic regression analysis of patients with rotator cuff injury.
For the gender variable, 0 denotes male and 1 denotes female.

Analysis of multicollinearity among the predictive indicators

Table 1. Variance inflation factors (VIF) for multicollinearity diagnosis among

indicators.
Variables VIF

Gender 1.7201
Age 1.1374
TC 1.0853
GLB 1.1515
GGT 1.2731
LMR 1.0348

ROC Curve Analysis of Independent Predictors

Following a sequential screening process involving univariate logistic regression,
LASSO regression, the Boruta algorithm and multivariate logistic regression, LMR,
Age, GLB, Gender, TC and GGT are identified as independent predictors.
Subsequently, we use ROC curves to evaluate the diagnostic value of these factors. As
shown in Figure 4, the AUC values of each independent predictor, in descending order,
are as follows: LMR (0.817), Age (0.728), GLB (0.656), Gender (0.594), TC (0.588)
and GGT (0.565).

Table 2 presents the results of the ROC curve analysis for each independent predictor
of rotator cuff injury. Among all variables, LMR exhibits the highest diagnostic
efficacy, with an AUC of 0.818 (95% CI: 0.759-0.876). At an optimal cut-off value of
5.016, it achieves a sensitivity of 0.755 and a specificity of 0.821. Age also shows
moderate predictive value, with an AUC of 0.729 (95% CI: 0.660-0.797). At an
optimal cut-off value of 49.500 years, sensitivity and specificity are 0.821 and 0.538,
respectively. The AUC for GLB is 0.656 (95% CI: 0.580-0.731), and at a cut-off
value of 24.650, the sensitivity is 0.472 and specificity is 0.849. Gender has limited
discriminatory ability (AUC = 0.595, 95% CI: 0.529-0.660), with a sensitivity of



0.679 and specificity of 0.509 at a cut-off value of 0.500. The AUC for TC is 0.588
(95% CI: 0.510-0.666), with a sensitivity of 0.283 and specificity of 1.000 at a cut-off
value of 5.190. The predictive value of GGT is low, with an AUC of 0.566 (95% CI:
0.488-0.643). Notably, because the lower bound of the 95% CI fell below 0.5, GGT
lacks significant discriminatory power.
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Figure 4: The ROC curve performance of independent predictors in patients with
rotator cuff injuries.

Analysis of the diagnostic accuracy of each predictive indicator using ROC curves

Table 2: Results of ROC Curve Analysis for Independent Predictors in Patients with Rotator Cuff

Injuries.
variables Cut-off value | Sensitivity Specificity | 95% Confidence Interval (95% CI)

Gender 0.500 0.679 0.509 0.529 - 0.660
Age 49.500 0.821 0.538 0.660-0.797
TC 5.190 0.283 1.000 0.510-0.666
GLB 24.650 0.472 0.849 0.580—-0.731
GGT 21.500 0.472 0.670 0.488 —0.643
LMR 5.016 0.755 0.821 0.759-0.876

Diagnostic Nomogram

Based on the results of the multivariate regression analysis, we construct a predictive
model for diagnosing rotator cuff injury, with the formula: Logit(P) = 0.96529
-1.1038 * gender (male=0, female=1) + 0.073718 * age +0.8269 * TC -0.20686 *
GLB + 0.035459 * GGT -0.3781 * LMR. Subsequently, we use the "rms" package in
R software (version 4.2.1) to visualize this predictive model as a nomogram, as
presented in Figure 5. The uppermost section of the nomogram features the 'Points'
scale, which quantifies the contribution of each independent predictor. The subsequent
rows represent these predictors: Gender, Age, GLB, GGT, LMR and TC. Vertically
projecting the value of each factor onto the upper 'Points' scale yields its
corresponding individual score. Projecting the sum of all factor scores (Total Points)
onto the bottom 'Risk' scale determines the individualized predicted risk. A higher
value indicates a greater probability of rotator cuff injury.
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Figure 5: Nomogram for the diagnostic prediction model in patients with rotator cuff
tears. For the gender variable, 0 denotes male and 1 denotes female.

ROC Curve of the Diagnostic Model

To systematically evaluate the discriminatory ability of the model, we conduct ROC
curve analysis for the diagnostic model using the Bootstrap resampling method (B =
1,000). As shown in Figure 6A, the original C-statistic (AUC) for the training set is
0.879672 (95% CI: 0.833636—0.923759). After Bootstrap correction, the C-statistic is
0.879052, with an optimism of only 0.000620 (n = 212). The extremely low optimism
value indicates minimal model overfitting, good discrimination and stability. As
shown in Figure 6B, in the validation set, the original C-statistic is 0.921488 (95% CI:
0.865116-0.968949), and the corrected C-statistic is 0.921524, with an Optimism of
-0.000036. This negligible negative value, resulting from the observation that the
corrected AUC slightly exceeded the original, is attributable to normal sampling
variability (n = 88). The AUC of the validation set is slightly higher than that of the
training set, further suggesting good generalization ability of the model. In summary,
this diagnostic model exhibits high discriminatory ability in both the training and
validation sets (AUC > 0.87), and the results are robust after Bootstrap internal
validation, indicating its potential value for clinical application.
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Figure 6: ROC curves of the diagnostic nomogram for patients with rotator cuff tears
using the bootstrap resampling method (based on 1,000 bootstrap resamples). Figure
6A displays the ROC curve for the training set, while Figure 6B illustrates the ROC
curve for the validation set.

Calibration Curve of the Diagnostic Model

To evaluate the calibration of the model, we use the Bootstrap resampling method
(B=1000 times) to plot calibration curves, demonstrating the consistency between the
model's predicted probabilities and the actual probabilities. As shown in Figure 7, the
apparent curve represents the uncorrected predictions, the bias-corrected curve
corresponds to the calibration results after bias correction, and the ideal curve
represents the ideal reference line. The closer the curve is to the diagonal, the better
the model's fit. The calibration curve for the training set demonstrates strong
agreement between predicted probabilities and observed probabilities (Figure 7A).
The Hosmer-Lemeshow test results indicate a good model fit (y*> = 2.893, P = 0.941),
suggesting no significant difference between predicted and observed probabilities.
The calibration curve is close to the ideal diagonal, and after correction with 1000
Bootstrap resamples (n = 212), it remains closely aligned with the apparent curve,
further validating the model's calibration performance in the training set. In the
validation set, the calibration curve also demonstrates good calibration performance
(Figure 7B). The Hosmer-Lemeshow test results show y> = 12.11, P = 0.15, indicating
no statistically significant discrepancy between the model's predicted probabilities and
the observed outcomes. The calibration curve closely approximated the ideal curve,
and after correction with Bootstrap resampling (n=88), it exhibits minimal deviation,
indicating good generalization ability of the model in external validation.
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Figure 7: Calibration curves for the rotator cuff injury diagnostic nomogram using the
bootstrap resampling method (B=1000 replications). Figure 7A displays the
calibration curve for the training set, while Figure 7B displays the calibration curve
for the validation set.

Decision Curve Analysis (DCA) Plot

The Decision Curve Analysis (DCA) plot is used to illustrate the variation in net
benefit associated with model-based interventions as the risk probability threshold
varies, as shown in Figure 8. The DCA plot for the training set shows that across the
risk threshold range of 0.08 to 0.95, the model demonstrates a positive net benefit
(Figure 8A). Similarly, the validation set exhibits a positive net benefit across the
threshold range of 0.05 to 0.94 (Figure 8B).
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Figure 8: Decision curve analysis (DCA) plots of the diagnostic nomogram in patients
with rotator cuff tears. Figure 8A displays results for the training set and Figure 8B for
the validation set.

Discussion

Rotator cuff injury is one of the most common tendinopathies and a leading cause of
shoulder pain and functional impairment. Accurate diagnosis is essential for
establishing treatment plans and improving prognosis. Although MRI has high



diagnostic sensitivity, its high cost and limited availability in some primary healthcare
institutions underscore the need for convenient and economical diagnostic tools based
on routine clinical indicators!®®l. Previous studies have developed diagnostic
prediction models for rotator cuff injury using demographic characteristics, physical
examination findings, and imaging parameters®?. Other researchers have
incorporated acromial morphological parameters into machine learning models to
predict the risk of rotator cuff tears'l. However, these models often rely on
specialized imaging measurements or physical examination maneuvers, which limits
their widespread clinical application. Moreover, existing studies have predominantly
focused on prognostic prediction after rotator cuff repair®*-4] whereas serological
diagnostic models specifically for rotator cuff injury remain scarce. In recent years,
systemic energy metabolism and inflammatory status have received increasing
attention in the context of degenerative tendon diseases®®. Dyslipidemia and
abnormal immune-inflammatory indicators may contribute to the pathogenesis and
progression of rotator cuff injury, providing a biological basis for diagnostic models
based on serological markers.

The lymphocyte-to-monocyte ratio (LMR), a readily accessible and cost-effective
serological indicator, reflects the dynamic balance between systemic inflammation
and immune status. In recent years, low LMR levels have been shown to predict
poorer functional outcomes in various diseases, particularly in the tumor
microenvironment and inflammatory conditions!!”. In the present study, LMR
exhibited the highest univariate diagnostic efficacy among the candidate serological
markers for rotator cuff injury, with an AUC superior to that of other traditional
indicators, suggesting a strong discriminative ability to distinguish patients from
healthy controls. Multivariate analysis further confirmed that low LMR was
significantly and independently associated with the risk of rotator cuff injury,
indicating that inflammation-immune imbalance may play a pivotal role in the
pathogenesis and progression of this condition.

The pathological mechanism of rotator cuff degeneration involves multi-level cellular
and molecular events, among which tenocyte apoptosis has been identified as a key
link. Previous studies using TUNEL staining and ssDNA detection have revealed
abundant apoptotic cells in the degenerated rotator cuff tendons of patients with
subacromial impingement syndrome, with the apoptotic index significantly higher
than that in normal controls™*®l. Clinical biopsy studies have further shown that the
proportion of apoptotic cells in rotator cuff tear specimens is significantly higher than
that in healthy tissue, and the degree of apoptosis is closely related to the histological
grade of tendon degeneration, suggesting that apoptosis participates in the early
pathological process of rotator cuff injury. Animal experiments have confirmed that
rotator cuff impingement can induce mitochondrial dysfunction and endoplasmic
reticulum stress, thereby activating synergistic apoptotic pathways, leading to
excessive tenocyte apoptosis and metabolic imbalance, and ultimately promoting the
development of degenerative tendon diseasel*”). Additionally, in partial-thickness
rotator cuff tears, the non-torn articular-side tendon also exhibits significantly
increased apoptotic activity, indicating that degeneration is not limited to the tear site



but is widespread throughout the entire rotator cuff tissue*®). In patients with chronic
rotator cuff tears, the expression of apoptosis-related markers is further upregulated
and correlates with tear severity. Notably, rotator cuff injury not only involves
tenocyte apoptosis but is also accompanied by changes in the local inflammatory
microenvironment, such as increased expression of pro-inflammatory cytokines like
IL-1B and recruitment of myofibroblastsi*”). Together, these factors constitute a
complex pathological network of tendon degeneration.

The pathogenesis of rotator cuff injury involves complex interactions among multiple
factors. Previous studies have mostly focused on traditional risk factors such as
anatomical abnormalities, traumatic mechanisms, and degenerative changes*”). The
degenerative process of the rotator cuff tendon, however, is not only influenced by
mechanical load and age-related changes but is also increasingly regulated by
systemic metabolic status and the immune-inflammatory microenvironment. There is
growing interest in the role of systemic inflammation in tendon degeneration. The
neutrophil-to-lymphocyte ratio (NLR) and platelet-to-lymphocyte ratio (PLR), as
classic systemic inflammatory indicators, have been shown to be strongly associated
with the incidence and progression of rotator cuff injury. For example, preoperative
NLR can predict acute pain after arthroscopic rotator cuff repair and is significantly
correlated with postoperative analgesic consumption and nerve block duration!*!),
Nevertheless, these studies mainly focused on postoperative outcomes, and direct
evidence linking NLR and PLR to the risk of rotator cuff injury remains limited.
Epidemiological evidence on the relationship between routine biochemical indicators
such as serum globulin and lipid profile and rotator cuff injury remains sparse.
Globulin, as a serological indicator reflecting the overall level of immunoglobulins
and inflammatory status, is closely related to the occurrence and development of
various chronic degenerative diseases. Total cholesterol, a core marker of lipid
metabolism, may also adversely affect tendon tissue homeostasis through the systemic
low-grade inflammatory state associated with its abnormal elevation. Based on a
rigorously designed case-control study, multivariate logistic regression analysis
identified decreased serum globulin levels and increased total cholesterol levels as
independent risk factors for rotator cuff injury. This finding provides new clinical
epidemiological evidence for the involvement of “metabolic-immune interactions” in
the pathophysiology of rotator cuff tendon degeneration. Previous studies have shown
that rotator cuff degeneration is not merely the result of mechanical wear but rather a
biological process driven by cellular senescence, extracellular matrix degradation, and
inflammatory mediator infiltration. In this context, decreased serum globulin levels
may reflect changes in humoral immune function or increased immunoglobulin
consumption under chronic inflammatory conditions, thereby weakening local
immune protection of tendon tissue. On the other hand, abnormal cholesterol
metabolism can exacerbate tenocyte apoptosis and degradation of extracellular matrix
components by promoting oxidative stress and activating inflammatory signaling
pathways. Clinical studies have also observed a correlation between dyslipidemia and
an increased risk of tendon pathology, supporting the hypothesis that lipid metabolism
disorders promote tendon degeneration. In this study, decreased globulin and



increased cholesterol were simultaneously included in the risk assessment model,
suggesting that they may participate in the pathogenesis of rotator cuff injury through
synergistic effects: the decline in immune surveillance indicated by reduced globulin
and the deterioration of the inflammatory microenvironment induced by elevated
cholesterol may form a mutually reinforcing pathological loop during tendon
degeneration. This finding expands the etiological understanding of rotator cuff injury
beyond mechanical factors and anatomical abnormalities, implying that clinicians
should consider patients’ systemic metabolic and immune status. However, these
findings require validation in larger prospective studies, and the underlying biological
mechanisms need further exploration through basic experiments.

Gender and age have previously been well documented as independent predictors of
rotator cuff injury, highlighting their epidemiological significance. Specifically, a
cross-sectional study of patients with spinal cord injury and paraplegia showed that
the risk of rotator cuff tear increased by 11% for each one-year increase in age, similar
in magnitude to the effect observed here. Previous research suggests that age-related
tendon degeneration may represent a common pathogenic pathway independent of
mechanical load!*?!. Furthermore, studies of patients with massive irreparable rotator
cuff tears confirmed age as an independent risk factor for limited active forward
shoulder elevation (OR=1.08), reinforcing the concept that cumulative age-related
damage to tendon quality and muscle atrophy exacerbates rotator cuff pathology!*l. In
studies examining postoperative healing of small-to-medium-sized rotator cuff tears,
age also independently predicted tendon integrity; ROC analysis identified 63 years as
the optimal cutoff for successful healing. This indicates that age is not only a risk
factor for the onset of rotator cuff injury but also a critical determinant throughout
disease progression and repair**!. These lines of evidence from different populations
and disease stages collectively reinforce the epidemiological basis of age as a core
risk factor for rotator cuff injury.

Previous explorations of risk prediction for rotator cuff injury have mostly focused on
single serological markers or isolated imaging signs. For example, some studies
examined the associations of fasting blood glucose levels and insulin resistance with
degenerative rotator cuff tears and found that higher fasting blood glucose levels
within the normal range are an independent risk factor; however, these studies were
limited to glucose metabolism indicators and did not include multi-dimensional
systemic parameters. In the imaging field, multiple studies have assessed the risk of
rotator cuff tears based on MRI or three-dimensional CT, confirming that anatomical
parameters such as the critical shoulder angle and glenoid bone morphology are
significantly associated with rotator cuff tears!**). Other studies developed models to
predict re-tear risk after rotator cuff repair, but these mainly rely on intraoperative
findings and imaging features such as tendon retraction and fatty infiltration grade,
often overlooking the systemic metabolic and inflammatory status reflected by
serological indicators. Furthermore, studies predicting the efficacy of rotator cuff
repair have primarily focused on structural factors such as age, tear size, and fatty
degeneration*®*. Although a few studies considered systemic conditions such as
metabolic syndrome, research systematically integrating multidimensional indicators



such as serum biochemistry and inflammation-related ratios to construct a
comprehensive diagnostic model for rotator cuff injury remains scarce. This
single-dimensional research paradigm limits the ability to fully characterize the
complex pathophysiology of rotator cuff injury. In recent years, machine learning
methods have shown potential in the diagnostic prediction of rotator cuff injury. Some
studies have used motion capture and machine learning algorithms to classify rotator
cuff tears with an accuracy exceeding 90%, but these methods rely on specialized
equipment or technology, making them difficult to implement in routine clinical
practice!®. In contrast, routine serological indicators are easily obtainable,
cost-effective, and highly standardized; however, previous studies have rarely
integrated these indicators through rigorous multi-step feature selection strategies.
LASSO regression, as a regularized linear model, can effectively handle
high-dimensional data and shrink the coefficients of irrelevant variables, while the
Boruta algorithm, based on random forest feature importance assessment, can robustly
distinguish true predictive variables from non-informative ones. Combining these two
approaches offers methodological advantages in variable selection. The present study
therefore employed a three-step screening strategy involving LASSO regression, the
Boruta algorithm, and multivariate logistic regression. Compared with the commonly
used method of directly entering univariable-screened variables into multivariate
regression, this approach more effectively controls multicollinearity and reduces the
risk of overfitting. Consequently, it is methodologically more rigorous, yielding more
robust and reproducible variable selection.

Notably, the nomogram model developed in this study is entirely based on routine
clinical laboratory indicators and basic demographic information, which facilitates
clinical translation. Unlike risk prediction tools that rely on imaging examinations or
invasive procedures, this model imposes no additional financial burden on patients
and requires no extra medical resources. Studies have shown that clinical prediction
models based on routine laboratory indicators are practically feasible and have
important auxiliary value for early disease identification and screening of high-risk
populations!*’. Classic tools such as the Fagan nomogram have long demonstrated the
practical value of rationally integrating laboratory results into clinical
decision-making, allowing simple probability calculations to aid clinical judgment.
The variables included in this model are all routinely collected during hospital
admission or outpatient visits; the detection platforms are widely available,
operational procedures are well standardized, and results are reproducible across
different levels of medical institutions. Previous literature has also confirmed that
nomograms combining CT imaging assessment with routine laboratory indicators
show good discriminative performance and clinical utility in predicting the risk of
complications from portal hypertension, suggesting that prediction tools based on
routine data have broad prospects for optimizing clinical decision-making
pathways>®!. Because this model does not require special equipment or advanced
imaging, clinicians in primary hospitals and outpatient settings can quickly perform
individualized risk assessments using only patients’ routine laboratory reports and
basic information. This not only helps identify high-risk individuals for rotator cuff



injury but also provides a simple, effective quantitative tool for optimizing referral
strategies and resource allocation.

Internal validation of a prediction model is a critical step in assessing its clinical
applicability, as it aims to quantify the model’s optimism in fitting the data and correct
for potential overfitting bias. Although the model developed in this study
demonstrated good discriminative performance in the training set, resampling
techniques for internal validation are essential to obtain an unbiased estimate of true
performance, because model performance is often overestimated in the development
samplel®!l. Bootstrap resampling, as an effective and widely used internal validation
strategy, can robustly estimate the optimism of model performance metrics by
repeatedly drawing samples with replacement from the original dataset, thereby
providing a quantitative basis for model stability>?!. Previous studies have also shown
that the optimism-corrected C-statistic obtained through bootstrap correction provides
a more reliable reference for model generalizability®*!. In this study, the bootstrap
internal validation results showed that the C-statistic before and after correction was
almost identical, with a very low optimism value. This indicates that the model
exhibits structural stability, minimal risk of overfitting, and reliable, robust predictive
performance. This result is consistent with findings from other studies employing
similar validation strategies, in which models maintaining high discriminative ability
after internal validation have more prominent clinical potential. Additionally, the low
optimism suggests that the combination of predictors included in the model has good
internal consistency and that the model is robust to data fluctuations, providing a solid
foundation for subsequent external validation in independent populations.

The model’s discriminative performance in the validation set was comparable to, or
marginally better than, that in the training set. Although this phenomenon is not
typical in prediction model studies, similar results have been reported in the literature.
Previous studies have shown that when the training set sample size is limited or the
data distribution exhibits some heterogeneity, moderate fluctuations or slight increases
in validation-set AUC may be attributable to distribution differences caused by
random sampling, rather than an indication of overfitting. Furthermore, a slightly
higher validation AUC may also be related to a more uniform distribution of baseline
characteristics between cases and controls in the validation set, which is particularly
common in small validation cohorts.

Results of decision curve analysis further validated the model’s value from a clinical
utility perspective. Unlike assessments relying solely on discrimination (e.g., AUC),
decision curve analysis quantifies the net benefit of a model at different threshold
probabilities, thereby more intuitively reflecting its clinical application potentiall®*>>,
Previous studies have shown that a prediction model with good discrimination may
not necessarily yield clinical utility in decision-making, whereas decision curve
analysis, by balancing the trade-offs between true positives and false positives,
provides a critical basis for evaluating clinical utility!®®>”), In this study, the model
demonstrated a positive net benefit over a wide range of threshold probabilities in
both the training and validation sets. This result has significant clinical implications. A
wide risk threshold interval means that regardless of whether clinicians tend to adopt



conservative intervention strategies (corresponding to lower thresholds) or consider
intervention only when the risk is high (corresponding to higher thresholds), the
model can provide effective risk stratification information for decision-making. This
characteristic is consistent with the decision-curve features reported for risk prediction
tools developed in the fields of cardiovascular disease and oncology, which also
emphasize the importance of maintaining a robust net benefit across diverse clinical
scenarios. For example, a validated risk score for acute coronary syndrome was
shown through decision curve analysis to have superior clinical net benefit compared
with traditional scores, supporting its application in clinical practicel®®!. Moreover, the
strong concordance of the net-benefit threshold range between the training and
validation sets (0.08—0.95 vs. 0.05-0.94) suggests robust generalizability and stability,
supporting potential application across diverse patient populations. Notably, the
starting threshold for net benefit was slightly lower in the validation set than in the
training set. While this may indicate enhanced decision support in low-risk intervals
within the validation cohort, such a minor difference could also result from random
fluctuations associated with the smaller validation sample size. Overall, the decision
curve analysis provides strong support for the diagnostic model from the perspective
of clinical decision utility, suggesting that it has the potential to become a practical
tool for assisting clinicians in risk stratification for rotator cuff injury.

As a visualized risk prediction tool, a nomogram’s core value lies in its ability to
transform complex multifactorial regression models into intuitive, individualized risk
scoring systems. In recent years, such tools have demonstrated promising clinical
utility in the prediction of rotator cuff injury. For instance, researchers developed a
nomogram based on shoulder MRI anatomical features that exhibited high
discriminative performance in predicting non-full-thickness rotator cuff injuries,
highlighting its potential to avoid unnecessary invasive diagnostic procedures and
align with the principles of precision medicinel®”
related to bone abnormalities, other scholars have used nomograms to integrate bone
density and metabolic indicators, showing good calibration and clinical utility!®”). The
diagnostic nomogram constructed in this study, based on routine serological indicators
and demographic characteristics, follows a similar methodological approach by
presenting individualized risk probabilities in an intuitive format. This tool enables
clinicians to rapidly estimate a patient’s risk of rotator cuff injury in an outpatient
setting by summing the scores of individual predictors. The process requires no
complex computing equipment or software support, offering significant advantages in
simplicity and real-time application, particularly suited to the fast-paced outpatient
environment. Furthermore, although imaging examinations are important for
diagnosing rotator cuff injury, their application requires consideration of
cost-effectiveness and resource optimization. MRI, as a reliable diagnostic method,
has high sensitivity and specificity but is relatively expensive!®). Compared with
invasive procedures such as arthrography, MRI is non-invasive, but imaging resources
remain relatively limited. Even in settings with abundant medical resources, rationally
triaging suspected patients and avoiding unnecessary imaging examinations have
important health-economic implications. Evidence has shown that risk stratification

1. In predicting rotator cuff lesions



using non-invasive indicators can help identify high-risk individuals for rotator cuff
injury, thereby guiding more targeted subsequent examination strategies. The
development of this nomogram is consistent with this goal: through risk stratification,
it identifies individuals who truly need imaging examinations, improves the utilization
efficiency of advanced imaging resources such as MRI, and reduces excessive testing
in low-risk individuals. At the same time, this tool can assist clinicians in
communicating risk with patients during the initial consultation and provide more
individualized diagnostic and treatment recommendations. For high-risk individuals
identified through screening, timely referral for imaging will facilitate early detection
of rotator cuff injury, preventing worsening of injury due to delayed diagnosis and
treatment. As previous studies have pointed out, early intervention is crucial for
improving patient prognosis. Therefore, this nomogram has the potential to be
integrated into the outpatient diagnostic workflow as an effective auxiliary tool for
imaging referral decisions.

This study, using a retrospective case-control design and strictly controlling for the
confounding factors of age and gender, preliminarily revealed independent
associations of gender, age, total cholesterol, globulin, gamma-glutamyl transferase,
and lymphocyte-to-monocyte ratio with rotator cuff injury, and constructed a
diagnostic prediction model with high discriminative performance. However, the
inherent limitations of the study design constrain the generalizability of our
conclusions. Retrospective case-control studies are inherently weaker in causal
inference than prospective cohort studies. Their data sources rely on existing medical
records and physical examination files, which may introduce information bias,
particularly in the measurement of exposure factors, where the degree of
standardization is difficult to match the strict quality control of prospective designs.
Although the two groups were comparable in age and gender composition, this was a
single-center study with geographic limitations and population specificity, so selection
bias cannot be fully avoided, potentially limiting the model’s applicability to
populations of different ethnicities and socioeconomic backgrounds.

The control group consisted of healthy individuals who underwent routine physical
examinations during the same period. Although individuals presenting with
shoulder-related symptoms were excluded through physical examination at inclusion,
and rotator cuff abnormalities were excluded via imaging (such as ultrasound or MRI)
when available, not all controls systematically underwent MRI. This design choice
may have affected the homogeneity of the control group to some extent.
Epidemiological studies have clearly indicated that the prevalence of full-thickness
rotator cuff tears increases significantly with age, with the detection rate of
asymptomatic rotator cuff tears reaching 20%—-40% in individuals over 50 years old.
It is worth noting that although asymptomatic and symptomatic rotator cuff tears
share overlapping pathological features, the former is typically not accompanied by
significant dysfunction or pain complaints. Because this study did not perform MRI
screening on all controls, some individuals with possible asymptomatic rotator cuff
degeneration or partial tears may have been included in the control group. This could
theoretically  attenuate the observed differences in inflammation and



metabolism-related serological indicators between the case and control groups,
thereby introducing null bias in effect size estimation. Similar issues have been raised
in other musculoskeletal disease studies using healthy populations as controls, where
“clinical health” with negative imaging findings does not equate to complete
histological or structural normality. Future studies that implement standardized MRI
screening for control populations would help more accurately define the health status
of controls, thereby improving the precision of effect size estimates and the
robustness of study conclusions.

Although the diagnostic model for rotator cuff injury constructed in this study based
on routine serological indicators achieved satisfactory discriminative performance and
calibration, its limitations must be objectively acknowledged. First, in terms of
predictor coverage, this model only included routine tests such as complete blood
count and biochemistry, without quantitative imaging parameters. Previous studies
have shown that quantitative MRI indicators, such as the degree of tendon
degeneration, tear retraction distance, and the proportion of muscle fatty infiltration,
can provide direct anatomical information reflecting the structural integrity and
functional status of rotator cuff tissue. Combining these parameters with serological
indicators could significantly improve the accuracy of disease diagnosis and the
precision of staging assessment. Second, genetic susceptibility markers are also absent
from this model. Established literature confirms that specific gene polymorphisms and
epigenetic changes are strongly associated with tendon degeneration and repair
capacity. For example, differences in DNA methylation profiles have been shown to
be involved in the pathological processes of arthritis and tendon disorders. Such
biological information could reveal intrinsic individual differences in susceptibility to
rotator cuff injury and provide a molecular-level complement to the model’s
individualized predictions. Additionally, the impact of rotator cuff injury on patients’
functional status and quality of life is multidimensional, and relying solely on
laboratory indicators cannot fully reflect the overall disease burden. Studies have
shown that serological markers have inherent limitations in predicting disease
outcomes, and their association with changes in peripheral blood mononuclear cell
subsets and cytokine networks requires further elucidation. Meanwhile, the
relationship between structural imaging parameters and functional outcome indicators
is often confounded by multiple factors, making it difficult for single-dimensional
predictors to capture the full heterogeneity of the disease. Therefore, future research
urgently needs to incorporate quantitative imaging parameters, genetic risk scores,
and patient-reported outcome measures into the prediction framework, and to leverage
multimodal data fusion strategies to construct more comprehensive and robust
diagnostic models. The integration of anatomical, molecular, and functional data is
anticipated to enhance both the accuracy of rotator cuff injury risk prediction and the
specificity of clinical decision-making.

Although the nomogram constructed in this study demonstrated good discrimination
and calibration in internal validation, it is important to note that the external validity
of the model has not been fully confirmed. The current validation of the model relies
solely on an internal validation set generated by random partitioning of the original



dataset. This validation strategy remains an internal evaluation of model fit, and its
results tend to overestimate the model’s predictive performance in entirely new
populations. Previous studies have shown that prediction models built on
single-center data, even those demonstrating robust internal validation, may exhibit a
significant decline in predictive accuracy when applied to external populations from
different geographic regions or healthcare institutions'®>%]. For example, in the
development and validation of a lung cancer prediction model, researchers found that
although the model had a high concordance index in internal validation, its
performance in an independent external cohort showed some attenuation, highlighting
the irreplaceable role of external validation in assessing generalizability. Similarly, in
fields such as obstetrics/gynecology and urology, differences between internal and
external validation performance have been observed in prediction model studies,
further emphasizing the necessity of independent external validation!®*%3],
Collectively, this evidence suggests that relying solely on an internally partitioned
validation set may not fully and accurately assess model performance in diverse
clinical practice settings.

Conclusion

In this study, we develop and internally validate a diagnostic nomogram for rotator
cuff injury based on routinely available clinical and serological indicators. Through a
sequential variable selection strategy combining univariate logistic regression,
LASSO regression and the Boruta algorithm, six variables—gender, age, total
cholesterol, globulin, gamma-glutamyl transferase and the lymphocyte-to-monocyte
ratio—are identified as independent predictors and integrated into the final model.
The nomogram demonstrates robust discriminative ability in both the training cohort
(AUC = 0.880, bootstrap-corrected 0.879) and the validation cohort (AUC = 0.921),
together with satisfactory calibration (Hosmer—-Lemeshow P = 0.941 and 0.147,
respectively) and a favorable net benefit across a wide range of threshold probabilities
on decision curve analysis. These findings suggest that systemic inflammatory and
metabolic alterations reflected by routine blood tests carry meaningful diagnostic
information for rotator cuff injury, and that a low lymphocyte-to-monocyte ratio may
serve as a particularly informative indicator of the underlying inflammation—immune
imbalance. Because all predictors are derived from basic demographic data and
standard laboratory tests, the model is inexpensive, non-invasive, and readily
applicable in primary care and outpatient settings, where it may assist clinicians in the
early screening of suspected patients and in optimizing referral for MRI. Nevertheless,
given the retrospective, single-center design and the absence of external validation,
the present results should be interpreted as exploratory. Prospective, multicenter
studies with independent external cohorts are warranted to confirm the
generalizability of this model before its integration into routine clinical practice.
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