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Background: Efgartigimod (EFG), a neonatal Fc receptor (FcRn) antagonist for generalized myasthenia gravis (gMG), exhibits
variable treatment responses. This study aimed to investigate the associations of baseline clinical characteristics and multidimensional
immune profiles with the clinical response to EFG in patients with acetylcholine receptor antibody-positive (AChR+) gMG, and
develop a predictive model.

Methods: This multicenter retrospective observational study enrolled 35 AChR+ gMG patients who received at least one cycle of
EFG. Responders were defined as those achieving a Myasthenia Gravis Activities of Daily Living (MG-ADL) score reduction of > 2
points that was sustained for > 1 month. After univariable screening, three models (Clinical, Immune, Integrated) were constructed
using a complete-case modeling subset of 26 patients via multivariable logistic regression, least absolute shrinkage and selection
operator (LASSO), and random forest algorithms. The optimal model was selected via leave-one-out cross-validation (LOOCV) and
translated into a clinical risk score and an online calculator.

Results: Among 35 patients, 25 responded (68.6%). Non-responders had significantly higher baseline NK cell counts (p = 0.013) and
showed a trend toward lower IL-12p70 levels (p = 0.095). Both NK cell (OR = 0.985) and IL-12p70 (OR = 11.657) were independent
predictors of EFG response. The Immune Model (NK cells + IL-12p70) demonstrated robust discrimination (AUC = 0.861), outperforming
the Clinical Model (AUC = 0.625, p = 0.021) and the Integrated Model (AUC = 0.847, p = 0.782). It showed good calibration and clinical
utility. Bootstrap validation confirmed robustness (corrected AUC = 0.872, optimism=0.017). A derived clinical risk score stratified patients
into high (100%), moderate (80.0%), and low (33.3%) response probability groups. An online prediction calculator was developed.
Conclusion: Baseline NK cell counts and IL-12p70 levels may predict EFG response in AChR+ gMG. The dual-biomarker Immune Model
demonstrates robust performance, and has been translated into an online tool but yet requires validation in prospective, larger cohorts.
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Introduction

Myasthenia gravis (MG) is an autoimmune disease mediated by pathogenic autoantibodies targeting components of the
neuromuscular junction (NMJ). Among these, IgG antibodies against the acetylcholine receptor (AChR) represent the
primary pathogenic factor in generalized myasthenia gravis (gMG).' These antibodies disrupt the postsynaptic membrane

structure and impair normal neuromuscular signal transmission through mechanisms such as complement activation,
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antigenic modulation, and functional blockade, leading to fluctuating skeletal muscle weakness in patients and signifi-
cantly compromising their activities of daily living and quality of life. However, contemporary understanding of MG
pathogenesis extends beyond a simple autoantibody-mediated paradigm, revealing a complex network where cytokines
and distinct lymphocyte subsets are deeply intertwined. Within this network, specific immune markers play pivotal roles
in driving or regulating the disease. For instance, interleukin-12 (IL-12) potently drives B cell class switching to highly
pathogenic IgG1 and IgG3 subclasses—which are the exact primary targets cleared by EFG.>” Concurrently, natural
killer (NK) cells, which normally act as a crucial immunoregulatory “brake” against autoreactive B cells and follicular
helper T cells, often face profound functional exhaustion in chronic autoimmune settings.*

Existing treatments for MG primarily encompass symptomatic relief and immunomodulation. First-line symptomatic
treatments such as acetylcholinesterase inhibitors can transiently improve weakness,® while corticosteroids, conventional
non-steroidal immunosuppressants, and targeted biologics are employed to mitigate the aberrant immune response.’
Additionally, thymectomy is considered effective for thymoma-associated MG and may benefit some patients seroposi-
tive for AChR antibodies.® During acute exacerbations, rapid intervention with Double-Filtration Plasmapheresis (DFPP)
or intravenous immunoglobulin (IVIg) is often required,” with critical cases necessitating respiratory support. Despite the
widespread clinical application of these therapies, there remain challenges including heterogeneous treatment responses
among patients, significant side effects, and complexities in long-term management.

In recent years, the treatment strategy for gMG has evolved from broad-spectrum immunosuppression toward a new phase
of targeted and precision therapy. Among these advances, drugs targeting the neonatal Fc receptor (FcRn) have transformed
the therapeutic landscape. Efgartigimod (EFQG), as the first approved FcRn antagonist, competitively binds to FcRn to
accelerate the clearance of endogenous IgG, including pathogenic AChR-IgG. Beyond accelerating IgG degradation, recent
evidence suggests that EFG exerts pleiotropic immunomodulatory effects by targeting FcRn on professional immune cells.
Specifically, EFG can disrupt FcRn-mediated antigen presentation in dendritic cells, thereby suppressing T cell activation, and
promote the expansion of regulatory plasma cells to restore immune tolerance.'®!" These mechanisms likely synergize with
antibody clearance to drive deep clinical responses, underscoring the importance of exploring multidimensional immune
biomarkers to predict therapeutic efficacy. The Phase III ADAPT study demonstrated that EFG elicited a response in 68% of
AChR antibody-positive patients, significantly surpassing the 30% rate in the placebo group, with EFG demonstrating
a favorable safety profile. Subsequent real-world studies have further confirmed the effectiveness and tolerability of EFG in
clinical practice.*'* For instance, our recent prospective comparative study validated EFG’s efficacy in managing acute
exacerbations, highlighting the necessity of severity-stratified treatment strategies when compared to DFPP.'* However,
despite EFG’s overall response rate being significantly superior to placebo, approximately 30% of patients did not achieve
clinically meaningful improvements within the first treatment cycle, indicating significant interindividual variability in
treatment response. To date, no reliable pretreatment predictive biomarkers have been established to accurately stratify
potential responders to EFG.'> Although certain clinical characteristics are correlated with treatment outcomes, their
predictive utility is limited and insufficient to guide individualized treatment decisions in routine clinical practice.'®
Therefore, developing biomarkers that can objectively reflect a patient’s immune status and possess high predictive value is
crucial for enhancing the precision and therapeutic benefit of EFG in clinical application.

To address this gap, our study aims to systematically analyze baseline multidimensional immune characteristics,
including peripheral immune cell subsets and cytokine profiles, to explore their association with treatment response to
EFG in AChR antibody-positive gMG (AChR+ gMG) patients. Furthermore, we seek to construct a predictive model
with clinical translational potential, thereby providing a basis for achieving individualized precision therapy.

Methods
Study Design and Participants

This study was a multicenter, retrospective, observational cohort study designed to develop and validate a prediction
model for treatment response to EFG in patients with AChR+ gMG. Patients who received at least one standard cycle of
EFG treatment between February 2024 and October 2025 across three medical centers were enrolled. Ultimately, 35
eligible patients were included in the final analysis (Figure 1).
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Patients with AChR-positive gMG treated with
Efgartigimod at 3 centers (Feb 2024-Oct 2025)

Patients excluded based on criteria:

* Co-existing other autoimmune diseases

* B-cell depletion therapy within 3 months

* High-dose steroid/IVIG/PLEX within 1 month
* Unstable immunosuppressant dosage

« Severe organ dysfunction or malignancy

* Pregnancy or lactation

A

\ 4
IPatients included in the general clinical analysis (n=35) |

Excluded from immune model construction
due to missing baseline data (NK cells or
IL-12p70) (n=9)

\ 4

v

Patients included in the final immune predictive model analysis
(n=26)

Figure | Flowchart of subject screening and enrollment. Patients with AChR+ gMG who had received efgartigimod therapy were screened across three centers between
February 2024 and October 2025. After applying the inclusion and exclusion criteria, 35 patients were enrolled for general clinical analysis. An additional 9 patients were
excluded due to missing baseline immunological data, resulting in a final cohort of 26 patients for predictive model construction.

Abbreviations: AChR, acetylcholine receptor; gMG, generalized myasthenia gravis; IVIG, intravenous immunoglobulin; PLEX, plasma exchange; NK, natural killer; IL-12p70,
interleukin-12p70.

Inclusion and Exclusion Criteria

The inclusion criteria were as follows: (1) age > 18 years; (2) diagnosis of MG meeting international diagnostic criteria,
supported by seropositivity for AChR antibodies and/or confirmatory neurophysiological studies; (3) confirmed gMG with
a baseline Myasthenia Gravis Activities of Daily Living (MG-ADL) score > 5; (4) receipt of the standard EFG regimen
(10 mg/kg intravenously once weekly for 4 weeks per cycle) with completion of the first treatment cycle and efficacy
follow-up at week 4 after the initial infusion; (5) availability of complete baseline blood samples and clinical data.

The following exclusion criteria were applied: (1) co-existence of other systemic autoimmune diseases; (2) treatment with
B-cell depleting agents within 6 months prior to enrollment; (3) receipt of high-dose intravenous corticosteroid pulse therapy,
IVIg or PE within 1 month prior to enrollment; (4) unstable dosage of oral immunomodulatory drugs within 3 months prior to
enrollment; (5) severe organ dysfunction or active malignancy (with the exception of thymoma); (6) pregnancy or lactation. To
ensure stability of the immune state assessment, dosages of oral corticosteroids and immunosuppressants were required to be
stable for at least 3 months prior to the first dose of EFG for all included patients.

Efgartigimod Alfa Injection (brand name: VYVGART®; supplier: argenx BV, Industriepark Zwijnaarde 7, 9052
Zwijnaarde, Belgium) used in this study was procured through the hospital’s official supply channels. Its storage and
administration complied with the regulations of the National Medical Products Administration (NMPA) of China and the
hospital’s pharmaceutical management protocols.

Data Collection and Baseline Variables

Prior to initiating EFG treatment, baseline data including clinical characteristics and immunological and serological
biomarkers were systematically retrieved from electronic medical records. Clinical characteristics assessed included
demographic information, disease features (disease duration, Myasthenia Gravis Foundation of America classification
(MGFA), thymus status), concomitant medications, and clinical scores from the Myasthenia Gravis-Activity of Daily
Living (MG-ADL) and Quantitative Myasthenia Gravis (QMG). All blood samples were collected immediately prior to
the first infusion. Immunological and Serological Biomarkers included AChR antibody titers;'’ serum levels of
immunoglobulin (IgG, IgM, IgA) and complement (C3, C4, CH50, Clq);'® routine laboratory parameters (neutrophil

count, serum albumin, platelet Count);19*21

peripheral blood lymphocyte subsets (T cells, B cells, NK cells, and their
subpopulations) analyzed via flow cytometry; and a broad spectrum of serum cytokines (including IL-1p, IL-2, IL-4, IL-

5, IL-6, IL-8, IL-10, IL-12p70, IL-17A, TNF-0, IFN-a, IFN-y) measured using multiplex bead-based immunoassay
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technology. All flow cytometry and multiplex immunoassay procedures were performed strictly according to the
manufacturer’s standard operating procedures. Matched quality control materials were used for both intra- and inter-
assay quality control to ensure the consistency and comparability of the results.

Outcome Definition

Responders were defined according to the ADAPT trial criteria'? as patients who achieved a reduction of > 2 points in
the MG-ADL score that was sustained for at least 4 consecutive weeks, with the initial improvement occurring at week 4
(within 1 week after the fourth infusion) of the first treatment cycle. To maintain a focused evaluation of early predictive
biomarkers, this study analyzed the clinical response exclusively within the first standard treatment cycle, and data
regarding subsequent cycles or inter-cycle intervals were not included in the current analysis.

Development, Validation, and Assessment of Predictive Models

This study adhered to the Transparent Reporting of a multivariable prediction model for Individual Prognosis Or Diagnosis
(TRIPOD) statement and followed established methodological principles for prediction model development.**** The
workflow comprised four sequential stages: data preprocessing and feature screening, model construction and algorithm
selection, model performance evaluation and selection, and finally, model validation and robustness assessment.

Data Preprocessing and Feature Screening

To ensure a robust modeling foundation, rigorous data cleaning was first performed. Post-treatment variables were
excluded to prevent data leakage, and variables with a missing rate exceeding 30% were removed. Subsequently,
univariable analysis (Mann—Whitney U-test for continuous variables and Fisher’s exact test for categorical variables,
with a significance threshold of o = 0.10) was employed to screen for baseline variables potentially associated with
treatment response.

Candidate predictors were selected following a purposeful selection process to balance clinical relevance and
statistical rigor. Variables with p < 0.10 in the univariable analysis, alongside a priori specified clinical variables (age
and sex), were included in the candidate pool. This pre-filtering approach was specifically adopted to maintain
a reasonable events-to-variable ratio and ensure algorithm stability given the relatively small sample size.

Model Construction and Algorithm Selection

We aimed to evaluate the predictive value of different data dimensions by constructing and comparing three distinct
model types: a Clinical Model (incorporating only clinical features), an Immune Model (incorporating only immunolo-
gical markers), and an Integrated Model (combining both). For each model type, we systematically implemented and
compared three machine learning algorithms: (1) Multivariable Logistic Regression (LR), serving as an interpretable

baseline model;**

(2) Least Absolute Shrinkage and Selection Operator (LASSO) regression (implemented via the glmnet
package), which utilizes L1 regularization for internal feature selection to identify the most robust multivariable
predictors while mitigating the potential limitations of initial univariable screening;>> and (3) Random Forest (RF)
(implemented via the randomForest package), an ensemble learning method capable of capturing potential non-linear
relationships.”® For the RF modeling, the number of trees (ntree) was set to 500 to ensure out-of-bag error convergence,
while the number of variables sampled at each split (mtry) was set to the default square root of the total number of
predictors. The importance parameter was enabled to calculate the Mean Decrease Gini for feature ranking. For the LR

models, interaction terms between predictor variables were tested.

Model Performance Evaluation and Optimal Model Selection

Internal validation was performed using leave-one-out cross-validation (LOOCYV). Specifically, in each of the n iterations
(n being the sample size of the modeling subset), n-1 samples were utilized to train the models, and the resulting models
were applied to predict the probability for the single hold-out sample. Notably, for the LASSO model within the LOOCV
loop, an internal 10-fold cross-validation was conducted exclusively on the n-1 training set to identify the optimal penalty
parameter (1), thereby strictly preventing data leakage.
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Model performance was comprehensively assessed across three key dimensions: discrimination (evaluated by the area
under the receiver operating characteristic curve [AUC] and its 95% confidence interval), calibration (assessed via
calibration curves and the Brier score), and clinical utility (analyzed using decision curve analysis). Based on this
multidimensional assessment, the optimal algorithm was selected for each of the three model types. A final comparative
analysis was then conducted among these three optimal models (Clinical, Immune, and Integrated). The definitive model
was selected by applying the principle of parsimony (Occam’s Razor) alongside its overall performance profile.

Model Validation and Robustness Assessment

To evaluate the stability and generalizability of the final selected model and to assess potential overfitting, a dual
validation strategy was implemented. First, the Bootstrap resampling method (with 200 replicates, via the boot package)
was used to estimate and correct for optimism and to verify the stability of the final predictors across different data
scenarios. Second, a sensitivity analysis was conducted using Multiple Imputation by Chained Equations (MICE, via the
mice package) to investigate the potential impact of missing data on the results. For this analysis, the Predictive Mean
Matching (PMM) method was used to generate 20 imputed datasets. The results from these datasets were then pooled
according to Rubin’s rules to verify the consistency and reliability of the core predictors.

Interpretability of Predictive Model and Development of Clinical Tools

Shapley Additive Explanation (SHAP) analysis was performed using SHAP values to elucidate the contribution of each
feature in the final model to individual predictions. To facilitate clinical application, a clinical risk score system and an
online calculator were developed. Based on the regression coefficients of the final model, key continuous variables were
converted into scores according to their tertiles to construct a simplified risk stratification system. An interactive online
prediction calculator was created, and a predictive nomogram was generated to assist clinicians in rapid individualized
risk assessment and treatment decision-making.

Statistical Analysis

All statistical analyses and model construction were performed using R software (Version 4.5.0). Key R packages utilized
in this study included glmnet and randomForest for machine learning algorithm implementation, pROC for ROC curve
analysis, dcurves for decision curve analysis, boot for internal validation, and mice for multiple imputation. Continuous
variables conforming to a normal distribution are presented as mean + standard deviation, while non-normally distributed
variables are presented as median (interquartile range). Group comparisons for continuous variables were conducted
using independent samples #-tests or the Mann—Whitney U-test. Categorical variables are presented as frequencies
(percentages), and group comparisons were made using Fisher’s exact test or the chi-square test. Except for the variable
screening stage (0=0.10), a two-sided p-value < 0.05 was considered statistically significant for all hypothesis testing.
Differences in the area under the curve (AUC) between models were compared using DelLong’s test.

Results

Patient Characteristics

A total of 35 AChR+ gMG patients treated with EFG were enrolled in this study. The cohort had a mean age of 63.97 £+
14.29 years, including 12 males (34.3%) and 23 females (65.7%). The overall treatment response rate was 68.6% (24/35).
No statistically significant differences were observed between the responders and non-responders regarding age, sex,
disease duration, baseline MG-ADL score, or AChR antibody titers (all p > 0.05, Table 1). Notably, the majority of the
enrolled patients (71.4%, 25/35) were classified as having late-onset MG (age at onset > 50 years). The prevalence of
thymoma was numerically higher in the non-responder group compared to the responder group (36.4% vs 12.5%, p =
0.171), and non-responders showed a trend toward moderate-to-severe MGFA classifications (MGFA > 2b, 81.8% vs
45.8%, p = 0.069), although these differences did not reach statistical significance. It should be noted that for the patients
with thymoma included in this study, efgartigimod was administered as a perioperative optimization therapy (bridging to
thymectomy) or for the management of severe postoperative refractory symptoms. All thymoma patients eventually
underwent surgical resection as their primary oncological treatment.
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Table | Baseline Demographic and Clinical Characteristics

Clinical Variables Total (N=35) | Responder (N=24) | Non-Responder (N=11) P
Age (years) 63.97 £ 14.29 62.08 £ 14.93 68.09 £ 12.53 0.254
Sex (n, %) 1.000
Female 23 (65.7) 16 (66.7) 7 (63.6)
Male 12 (34.3) 8 (33.3) 4 (36.4)
Disease duration (months) | 41.26 + 78.04 47.92 + 89.04 26.73 + 46.17 0.943
Late onset 25 (71.4) 16 (66.7) 9 (81.8) 0.447
MGFA 0.069
Mild 15 (42.9) 13 (54.2) 2 (10.2)
Moderate to severe 20 (57.1) 11 (45.8) 9 (81.8)
Clinical

Baseline Score

MG-ADL 6.83 + 2.81 7.08 + 2.90 6.27 + 2.64 0.613

QMG 929 £ 4.11 9.33 £422 9.18 + 405 0.921
AChR-Ab (nmol/L) 31.15 £ 25.90 30.87 + 25.72 27.57 + 28.52 0.790
Thymoma 7 (20.0) 3 (12.5) 4 (36.4) 0.171
RNS positive 27 (77.1) 17 (70.8) 10 (90.9) 0.239
Previous treatment

PB dose (mg/day) 105.43 = 107.52 83.75 + 85.30 152.73 + 137.78 0.131

Immunosuppressant 12 (34.3) 8 (33.3) 4 (36.4) 1.000

Notes: Late onset was defined as an age at onset > 50 years. According to the MGFA classification, MGFA < 2a was defined as
mild, and MGFA 2 2b was defined as moderate-to-severe. A total of 7 patients had thymoma. Among them, three patients had
undergone thymectomy prior to baseline, and EFG was administered for post-surgical refractory symptoms. The remaining four
patients received EFG as a perioperative optimization therapy to optimize their neuromuscular status, and successfully underwent
thymectomy after completing the EFG cycle (beyond the |-month observation window of this study). Two patients were receiving
glucocorticoid therapy (with equivalent prednisone doses of 20 and 15 mg/day, respectively). Due to the small number of cases,
these were not listed separately. Baseline immunosuppressive therapy included tacrolimus and mycophenolate mofetil.
Abbreviations: MG-ADL, Myasthenia Gravis Activities of Daily Living; QMG, Quantitative Myasthenia Gravis; MGFA, Myasthenia
Gravis Foundation of America; PB, Pyridostigmine Bromide; RNS, Repetitive Nerve Stimulation.

Univariable Analysis and Predictor Screening
To identify potential biomarkers associated with the short-term efficacy of EFG, univariable analysis was performed on
a total of 34 baseline variables from the 35 enrolled patients (Supplementary Figure 1 and Supplementary Table 1). NK cell

count (p = 0.013) demonstrated a significant association with treatment response, while MGFA classification (p = 0.069)
and IL-12p70 levels (p = 0.095) showed marginal associations (p < 0.10). Consequently, these variables were included in
subsequent multivariable modeling.

For prediction model construction, rigorous data preprocessing was applied, resulting in a final modeling subset of 26
patients with complete data for NK cells and IL-12p70. This modeling subset remained representative of the overall
cohort, showing no statistically significant differences in key clinical characteristics such as age, sex, and MGFA
classification (all p > 0.05, Table 1, Supplementary Table 2). The response rate in this subset was 69.2% (18/26).
These findings suggest that the exclusion of some patients due to missing data did not introduce significant selection bias,

justifying the analysis based on this subset.

Optimization of Variable Combinations for Predictive Models

To construct robust predictive models, we first optimized the variable combinations for both the Clinical and Integrated
models based on discrimination, calibration, and Akaike Information Criterion (AIC) assessed via LOOCV. For the
Clinical Model, we compared three clinical variable combinations: Model A (MGFA, age, sex), Model B (MGFA,
thymoma), and Model C (MGFA, age, sex, thymoma). Results indicated that Model C exhibited the relatively highest
discriminative ability (AUC = 0.625, 95% CI: 0.424-0.924). Consequently, MGFA, age, sex, and thymoma were selected
as the final variable set for the Clinical Model (Figure 2A and B). Similarly, to explore the predictive potential of
combining clinical and immunological markers for the Integrated Model, variable selection was performed. Based on the
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Figure 2 Evaluation and optimization of model construction strategies. (A) ROC curve comparison of Clinical Models. Clinical Model C (incorporating MGFA, age, sex, and
thymoma) achieved the highest AUC (0.625), yet its overall discriminatory ability remained limited. (B) Calibration assessment of Clinical Models. Although Model C had the
highest AUC, Model B (including only MGFA and thymoma) yielded the lowest Brier score (0.194), indicating superior calibration. (C) ROC curve comparison of Integrated
Models. A parsimonious 3-variable model (MGFA + NK cells + IL-12p70) demonstrated the best discriminatory ability (AUC = 0.819), outperforming more complex variable
combinations. (D) Selection of Integrated Models based on AIC. The 3-variable model had the lowest AIC value (21.4), achieving the optimal balance between goodness-of-
fit and complexity, and was therefore identified as the final optimal model.

Abbreviations: MGFA, Myasthenia Gravis Foundation of America; ROC, receiver operating characteristic; AUC, area under the receiver operating characteristic curve;
AIC, Akaike information criterion.

lowest AIC and optimal LOOCV performance, a parsimonious 3-variable set comprising MGFA, NK cells, and IL-12p70
was identified as the optimal combination (Figure 2C and D). These optimized variable sets were subsequently utilized

for algorithm evaluation.

Development, Evaluation, and Algorithm Selection for Clinical Model
Based on the optimized clinical variable set (MGFA, age, sex, and thymoma), a systematic comparison of three modeling
algorithms—LR, LASSO, and RF—revealed that the LR algorithm performed best on the validation set. Although its
calibration curve demonstrated a certain degree of deviation (Slope=0.336), the Hosmer-Lemeshow test (p = 0.089)
indicated that its goodness-of-fit remained within an acceptable range. More importantly, the LR model exhibited the
highest discriminatory ability (AUC = 0.625), which was significantly superior to that of the LASSO (0.527) and RF (0.500)
models. Furthermore, decision curve analysis showed that within a clinically common decision threshold range (30%), the
LR model provided the highest net clinical benefit (0.554), demonstrating favorable clinical utility (Figure 3A—C).
Regarding model stability and feature contribution, the RF variable importance plot identified age as the primary
predictor, followed by MGFA and thymoma. However, the classification error analysis revealed a high misclassification
rate of 63.6% for non-responders in the RF model, suggesting notable prediction bias (Figure 3D and E).
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Figure 3 Comprehensive performance evaluation of Clinical Models. (A) ROC curve analysis. The LR model achieved the highest AUC (0.625), demonstrating superior
discrimination compared to the LASSO and RF models. (B) Calibration curve analysis. The calibration of the LASSO and RF models was superior to that of the LR model,
aligning more closely with the ideal curve. (C) Decision curve analysis. Both the LR and LASSO models showed favorable net clinical benefit within the commonly used
clinical threshold range. (D) RF error convergence plot. The RF error stabilized when the number of trees reached 200-300. (E) RF variable importance ranking. Age was
the most important predictor, followed by MGFA classification, thymoma, and sex. (F) Model performance radar chart. The LR model excelled in AUC and sensitivity, while
the RF model demonstrated advantages in calibration and specificity.

Abbreviations: LR, logistic regression; LASSO, least absolute shrinkage and selection operator; RF, random forest; ROC, receiver operating characteristic; AUC, area
under the receiver operating characteristic curve; DCA, decision curve analysis; OOB, out-of-bag; MGFA, Myasthenia Gravis Foundation of America.

Based on a comprehensive assessment of discrimination, calibration, and clinical utility, the LR algorithm was employed
to construct the final Clinical Model containing MGFA, age, sex, and thymoma (Figure 3F). However, the modest AUC of
0.625 indicates that reliance solely on traditional clinical characteristics may provide limited predictive precision.

Development and Multidimensional Evaluation of Immune Model

Given the limited predictive performance of the Clinical Model, we further explored the predictive value of the
immunological markers—total NK cell counts and IL-12p70 level—and systematically compared the performance of
three algorithms using this variable combination. Multivariable logistic regression analysis identified both NK cells (B =
—0.015, OR = 0.985, 95% CI: 0.972-0.998, p = 0.028) and IL-12p70 (B = 2.456, OR = 11.657, 95% CI: 1.213-112.056,
p = 0.033) as independent predictors of treatment response. The wide confidence interval for IL-12p70 likely reflects
limitations in sample size and suggests that the findings require further validation in larger cohorts. The Hosmer—
Lemeshow test indicated adequate goodness-of-fit (3> = 6.32, p = 0.856) and no significant interaction was observed
between NK cells and IL-12p70 (p = 0.412).

Based on multidimensional performance evaluation, three algorithms exhibited distinct performance profiles. ROC curve
analysis showed that RF model demonstrated highest discrimination (AUC = 0.882). The LR and LASSO models followed
closely, both achieving an AUC of 0.861 (95% CI: 0.701-1.000), indicating robust performance highly comparable to that of the
RF model which was more complex. Regarding calibration performance, the RF model demonstrated near-perfect calibration
agreement (Slope = 1.002, Hosmer-Lemeshow test p = 0.945), followed by the LR model (Slope = 0.634, p = 0.856), while the
LASSO model performed relatively poorly (Slope = 0.502, p = 0.032). Decision curve analysis revealed that within a clinically
common decision threshold range (30%), the LR model provided the highest net clinical benefit (0.588), outperforming the RF
model (0.516) and the LASSO model (0.555) (Figure 4A—C).

Feature importance analysis was conducted. The LASSO coefficient path plot indicated that both NK and IL-12p70
were retained with stable coefficients, confirming their robust independent predictive value (Supplementary Figure 2). RF

variable importance analysis further quantified their contributions, with NK cells having a higher weight (Mean Decrease

8 https: Drug Design, Development and Therapy 2026:20


https://www.dovepress.com/article/supplementary_file/598742/598742-supplementary%20tables%201-6%20figures%201-4.docx

Xin et al

Model \ Model

LR
® LASSO
@ Random Forest

Mean Observed Probability
Net Benefit

04 06
““““ Mean Predicted Probability 04 06
Threshold Probability

LR
AUC —— LASSO
~— Random Forest
100
NK_Total 6.06

. Error Type Accuracy Calibration
3 ) — Overall OB Error
§' — Class 0 Error (No Resp)
= = Class 1 Error (Resp)

02 IL_12p70 456

0004

100 200 300 00 500 T Sensitivity Specificity

2 4
Number of Trees -
Mean Decrease Gini

Figure 4 Comprehensive performance evaluation of Immune Models. This figure presents performance analyses of LR, LASSO, and RF models constructed using immune
biomarkers. (A) ROC curve analysis. The ROC curves indicate the RF model achieved the highest AUC (0.882), while the LR and LASSO models demonstrated comparable
performance (AUC = 0.861). (B) Calibration curve analysis. The RF model exhibited the best calibration, with LR performing better than LASSO. (C) Decision curve
analysis. The LR model provided the highest net benefit across commonly used clinical decision thresholds. (D) RF error convergence plot. The out-of-bag (OOB) error for
the RF model stabilized at approximately 500 trees. (E) RF variable importance ranking. NK cell counts and IL-12p70 level were identified as the primary predictive variables.
(F) Model performance radar chart. The LR model showed superior sensitivity, whereas the RF model demonstrated higher specificity.

Abbreviations: LR, logistic regression; LASSO, least absolute shrinkage and selection operator; RF, random forest; ROC, receiver operating characteristic; AUC, area
under the receiver operating characteristic curve; DCA, decision curve analysis.

Gini = 6.06) than IL-12p70 (4.56). In the trade-off between sensitivity and specificity, the LR model exhibited high
sensitivity (0.944), efficiently identifying the vast majority of responders. In contrast, the RF model achieved perfect
specificity (1.00) but had lower sensitivity (0.833) (Figure 4D-F).

Considering the model’s discrimination, calibration, clinical utility, and the principle of parsimony, we ultimately
selected the LR algorithm to construct the Immune Model. The predictive formula was established as follows: “logit(P) =
3.021-0.015 x NK + 2.456 x IL-12p70”. This model demonstrated excellent discriminatory performance, good calibra-
tion agreement, and high clinical utility on the validation set. The current model analysis is based on a limited sample
size (n=26). Therefore, its performance requires further validation in prospective, larger cohorts.

Development and Evaluation for Integrated Model and Final Selection
Using the optimized integrated variable set (MGFA, NK cells, and IL-12p70), we systematically evaluated the performance
of three modeling algorithms. Among the algorithms, the RF model demonstrated the best comprehensive performance for
the Integrated Model, achieving the highest AUC (0.847, 95% CI: 0.743—1.000), the most robust calibration (Calibration
Slope = 1.183, Hosmer-Lemeshow test p = 0.712), and excellent specificity (0.875) (Figure 5SA—C). Internal validation of
the RF model showed a stabilizing out-of-bag (OOB) error of 23.08%, which converged as the number of trees increased,
indicating good generalization stability. Variable importance analysis revealed that NK cells remained the predictor with the
highest contribution (Mean Decrease Gini = 6.16), followed by IL-12p70 (3.97) (Figure 5D and E). In contrast, the LR
model exhibited calibration drift after integration (Slope = 0.211), while the LASSO model, despite high sensitivity (0.944),
suffered a significant loss in specificity (0.625) (Figure 5F).

The final decision was made. Although the integrated RF model performed well across multiple metrics, its performance
gain primarily stemmed from the two immunological variables. The inclusion of the clinical variable (MGFA) did not yield
a statistically significant improvement in predictive performance but instead increased model complexity. According to
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Figure 5 Comprehensive performance evaluation of Integrated Models. (A) ROC curve analysis. Under the integrated framework, the RF model achieved the highest AUC
(0.847), demonstrating superior discrimination compared to the LR and LASSO models. (B) Calibration curve analysis. The RF model displayed the most robust calibration,
whereas the LR model exhibited significant calibration distortion. (C) Decision curve analysis. The RF model provided a pronounced net clinical benefit across commonly
used decision thresholds. (D) RF error convergence plot. The out-of-bag (OOB) error of the RF model stabilized when the number of trees reached approximately 200. (E)
RF variable importance ranking. MGFA classification showed minimal contribution, and the model remained predominantly driven by the immune indicators (NK cells and IL-
12p70). (F) Model performance radar chart. The RF model delivered the most balanced overall performance, while the LASSO model suffered a notable loss in specificity.
Abbreviations: LR, logistic regression; LASSO, least absolute shrinkage and selection operator; RF, random forest; MGFA, Myasthenia Gravis Foundation of America; ROC,
receiver operating characteristic; AUC, area under the receiver operating characteristic curve; DCA, decision curve analysis.

Occam’s Razor principle, we ultimately selected the pure Immune Model (containing only NK cells and IL-12p70) as the final
core prediction tool, which was superior-performing, more parsimonious, and clinically interpretable.

Comprehensive Comparison Between Models

The Immune Model outperformed the Clinical and Integrated Models across most metrics (Figure 6A-D and
Supplementary Table 3). It achieved the highest AUC (0.861), the highest accuracy (88.5%), the lowest Brier score
(0.136), and the highest net clinical benefit at a 30% decision threshold (0.587). DeLong’s test indicated that the AUC of
the Immune Model (LR) was significantly higher than that of the Clinical Model (LR) (p = 0.021). The AUC of the
Integrated Model (RF) was also significantly higher than that of the Clinical Model (LR) (p = 0.035). However, there was
no statistically significant difference in AUC between the Immune Model (LR) and the Integrated Model (RF) (p =
0.782). The results suggest that the Immune Model based on NK cells and IL-12p70 maintains high predictive

performance while possessing good clinical applicability and interpretability. Nevertheless, its robustness and general-
izability require confirmation in larger, external datasets.

To elucidate the decision-making process of the optimal model (Immune LR), SHAP (Shapley Additive Explanations)
analysis was performed. SHAP values indicated that total NK cell count was the most influential (mean absolute SHAP
value 2.1236, contribution 61.85%), followed by IL-12p70 (contribution 38.15%). The SHAP summary plot (Figure 6E)
visually demonstrates that lower NK cell counts and higher IL-12p70 levels are associated with a higher probability of
treatment response.

To evaluate the stability, generalizability, and potential overfitting risk of the selected Immune Model, we conducted
systematic internal validation and multidimensional sensitivity analyses. First, Bootstrap resampling validation (B =200)
yielded a corrected AUC of 0.872 (95% CI: 0.75-0.99) with an optimism of only 0.017, indicating a very low risk of
model overfitting (Figure 6F). Second, multiple imputation analysis for missing data (N =35, m=20) revealed that the
pooled effect estimates for NK cells (Pooled OR =0.992) and IL-12p70 (Pooled OR =4.058) were consistent in direction
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Abbreviations: LR, logistic regression; ROC, receiver operating characteristic; AUC, area under the receiver operating characteristic curve; SHAP, shapley additive explanations.

with the primary analysis, confirming that the core conclusions were not substantially affected by missing-data bias
(Supplementary Table 4). Finally, the model demonstrated excellent stability and robustness regardless of whether

variables were standardized or log-transformed (AUC consistently ranged from 0.86 to 0.89, Supplementary Table 5) or

when stratified by different clinical subgroups (Supplementary Figure 3).

Development and Validation of Clinical Risk Scoring System
To facilitate clinical translation, we developed a risk stratification system based on the Immune Model. Based on the
tertile distribution of NK cells and IL-12p70, along with the direction of their regression coefficients, a scoring standard
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was established (Supplementary Table 6). Patients were stratified into groups with high (4-6 points), moderate (2-3

points), and low (0—1 point) response potential groups. Validation in the 26 patients revealed a distinct response gradient:
the low-score group had a response rate of 33.3%, the moderate-score group 80.0%, and the high-score group 100%. This
system effectively differentiated patient groups with varying response potential (Supplementary Figure 4). Accordingly,

a predictive nomogram (Figure 6G) and an interactive online calculator using HTML/JavaScript were developed (https://
xinhanyuO1.github.io/) to provide a practical tool for personalized clinical decision-making.

Discussion

To our knowledge, this study provides the first systematic evaluation of the association between peripheral immune markers—
specifically NK cells and IL-12p70—and treatment response to EFG in patients with AChR+ gMG. Our preliminary findings
suggest that lower baseline NK cell counts and higher serum IL-12p70 levels may be associated with superior short-term
therapeutic outcomes. An immune predictive model constructed using these two biomarkers demonstrated superior discri-
mination, calibration, and clinical utility compared to a model based solely on conventional clinical features.

Regarding clinical characteristics, previous studies have suggested that late-onset MG may be associated with a more
sustained response to EFG,'> whereas thymoma or coexisting autoimmune diseases have been identified as potential risk
factors for non-response.”’ In the present study, we similarly observed a higher proportion of thymoma in the non-responder
group, and a trend toward lower response rates in patients with more severe disease, consistent with prior reports. However,
multivariable analysis revealed that a Clinical Model based solely on age, sex, MGFA classification, and thymoma status
possessed limited predictive performance. This suggests that in a complex immune-mediated disease like MG, reliance solely
on clinical phenotypes is insufficient to accurately reflect the immunological heterogeneity relevant to the drug’s target.
Incorporating biomarkers that reflect underlying immunological states may enhance prediction accuracy.

Regarding clinical characteristics, our study included a subset of patients with thymoma-associated MG (TAMG). It is
important to emphasize that while complete surgical resection remains the definitive primary treatment for thymoma,
surgery and immunomodulatory therapies are complementary rather than mutually exclusive. In our cohort, all TAMG
patients eventually underwent thymectomy. EFG was utilized either as an essential “bridge-to-surgery” induction therapy
to rapidly stabilize neuromuscular function and prevent postoperative myasthenic crisis (POMC) in patients with active
disease, or as a targeted rescue therapy for refractory symptoms persisting after tumor resection. Recent prospective and
real-world studies have increasingly validated the necessity of such rapid-acting FcRn antagonists in the perioperative
multidisciplinary management of high-risk TAMG patients.?®*° Therefore, predicting EFG responsiveness in this specific
subpopulation may hold substantial value for optimizing perioperative safety and long-term symptom control.

A pivotal finding of our study is that low baseline NK cell levels and high serum IL-12p70 levels are positively
associated with the efficacy of EFG. NK cells, as key effectors of innate immunity, may play a dual role in MG
pathogenesis, potentially contributing to autoimmune damage while also exerting regulatory functions by eliminating
autoreactive immune cells.’® IL-12, primarily secreted by dendritic cells (DCs), monocytes/macrophages, and B cells, is
a critical cytokine driving Thl cell differentiation.>'** Notably, Thl-type immune responses predominantly promote the
production of IgG1 and IgG3 antibody subclasses, which are the primary pathogenic antibody subtypes in AChR+ gMG.
Given that IgG1 and IgG3 constitute the primary pathogenic subclasses in AChR+ gMG and possess high affinity for
FcRn, they represent the primary targets for EFG-mediated clearance.'” The recognized roles of NK cells and IL-12 in
MG pathology provide a biological rationale supporting the plausibility of our findings.

Previously, Zhang et al observed a trend of functional exhaustion in NK cells from MG patients’ We hypothesize that
the baseline “high IL-12/low NK” immunophenotype observed in this study may reflect an interconnected pathological
process rather than two independent events. Specifically, sustained elevation of pro-inflammatory IL-12 may lead to
hyperactivation of NK cells, precipitating exhaustion or even apoptosis. Firstly, IL-12 is a key inducer of NK cell
activation and interferon-gamma (IFN-y) production. Under physiological conditions, DC-derived IL-12 acts in concert
with IL-15 to promote NK cell effector functions and proliferation.’*~* However, excessive or chronic immune
stimulation may drive NK cells into a state of hyporesponsiveness or exhaustion,®> consistent with our observations.
Zhang et al further suggested that MG patients might impair NK cell survival and function by upregulating the SOCS2
gene and suppressing STATS signaling” As STATS5 is a critical transcription factor governing cell survival, its inhibition
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disrupts transcriptional programs, ultimately promoting apoptosis. Similar impairment of NK cell function has also been
observed in other autoimmune diseases such as systemic lupus erythematosus and type 1 diabetes. Secondly, the
reduction in NK cells associated with high IL-12 levels may be linked to activation-induced cell death. Studies indicate
that while stimulation with IL-12 combined with IL-15/IL-18 may confer memory-like features to NK cells, it could also
reduce cell viability and increase apoptosis.® The underlying mechanisms involve mitochondrial superoxide accumula-
tion, reduced cristae density, and insufficient compensatory mitophagy, which collectively compromise cellular fitness.
This provides a direct cellular biological explanation for the “high IL-12/low NK” profile, suggesting that a chronic high-
inflammatory environment may compromise the survival capacity of NK cells.

Furthermore, this immunophenotype may signal more severe immune dysregulation and higher disease activity. NK
cells not only possess effector functions but are also involved in immune regulation, such as suppressing excessive
adaptive immune responses by eliminating immature DCs or activated T cells.>* When NK cells become exhausted or
reduced due to overactivation, this immune surveillance function is likely weakened, potentially contributing to
uncontrolled expansion of autoreactive T and B cells and thereby increasing the production of pathogenic autoantibodies
(such as AChR antibodies) (Figure 7). Studies have shown that although cytokine-induced CD25 expression can enhance
NK cell function, its maintenance depends on a specific cytokine microenvironment.?” Excessively high IL-12 levels in
MG patients may disrupt this balance and exacerbate NK cell exhaustion.
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Figure 7 Hypothetical mechanism of high IL-12 and low NK predicting EFG response in MG. An elevated IL-12 milieu drives NK cells toward activation-induced cell death
(AICD) due to excessive activation, thereby impairing their immunoregulatory function. This process diminishes the inhibitory control over autoreactive T and B cells,
leading to increased production of pathogenic IgG antibodies. This inflammation-driven “high-antibody-burden” pathological state renders patients more sensitive to
efgartigimod treatment, which acts by clearing IgG via the FcRn pathway.

Notes: Solid arrows denote stimulation or induction; dashed arrows indicate compromised regulation or disinhibition.

Abbreviations: DC, dendritic cell; AICD, activation-induced cell death; FcRn, neonatal Fc receptor.
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Therefore, patients exhibiting the “high IL-12/low NK” signature at baseline may represent a state of high inflamma-
tion-driven immune dysregulation with decompensated immunomodulation. In these patients, disease activity may be
predominantly driven by high titers of pathogenic IgG antibodies. However, due to the retrospective design of this study,
methods for AChR antibody detection varied, including cell-based assays and radioimmunoassays; moreover, 1gG
antibody subclass analysis was not performed. Thus, we were unable to evaluate potential differences in antibody levels
between responders and non-responders. As an FcRn antagonist, EFG exerts its therapeutic effect by accelerating 1gG
clearance. In patients with significant immune activation and active autoantibody production, rapid reduction of antibody
levels is more likely to yield clinical improvement. Our study suggests that NK cells and IL-12 hold promise as potential
biomarkers for identifying patients more likely to benefit from EFG treatment. It also underscores the importance of
considering the exhaustion state of immune cells in autoimmune disease management.

Our study has several limitations. First, the small sample size limits statistical power and generalizability. Evaluating
multiple algorithms and variable combinations in a small dataset also risks model selection bias and overestimated
performance. To reduce this bias, we prioritized model parsimony and clinical interpretability rather than pure statistical
optimization. Despite leave-one-out cross-validation, bootstrap resampling, and sensitivity analyses confirming result
robustness, our findings remain exploratory and hypothesis-generating. Notably, our feature selection was constrained by
the predefined panel of assessed immunological parameters, and other potential biological predictors likely exist. Second,
the retrospective design may introduce selection bias, and heterogencous laboratory methods (eg, AChR antibody assays)
could compromise biomarker consistency Third, the model lacks external validation and requires testing in independent
prospective multicenter cohorts before clinical application. Fourth, efficacy was only evaluated for short-term response;
the model’s ability to predict long-term outcomes remains unproven. Additionally, our cohort mainly included late-onset
MG patients, so performance in early-onset patients needs further verification. Finally, we only assessed total NK cell
counts without subset analysis, which may overlook distinct functional roles of NK cell subsets.

Conclusion

High IL-12/low NK levels serve as potential biomarkers for predicting EFG response in AChR+ gMG patients. The dual-
biomarker model shows good discriminative ability and clinical utility. The derived risk score enables individualized
pretreatment assessment. While other unmeasured predictors likely exist, this immunophenotype helps identify optimal
candidates for Efgartigimod and provides new insights into the immunological mechanisms of FcRn-targeted therapy.
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