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OBJECTIVE RESULTS > Figures 2 and 3 compare XGBoost and KNN models for predicting MG
, , . hospitalization. XGBoost outperforms KNN across all metrics: higher
Myasthenia Gravis (MG) is an X condition where antibodies Table 1. Demographic and Disease Characteristics accuracy (72% vs. 59%), specificity (77% vs. 60%), precision (40% vs. 28%),
target neuromuscular junctions.! MG may occasionally worsen resulting Variable, mean (SD) or % s ver ey PN o F1-score (46% vs. 37%), and AUC (77% vs. 58%), with similar sensitivity
in hospitalizations for exacerbations and crises. The study aims to - Age (years)’ 5000 (1290 Sotatnon I Sesranan 20001 (~55%).
develop predictive models for identifying the risk of all cause overnight Gender (female) 718 (57%) 184 (62%) 534 (55%) 0.046* , , , N
hospitalization BMI 31.04 (7.39) 32.01 (7.12) 30.74 (7.44) 0.002* > Confusion matrices (Figure 2) show XGBoost had fewer false positives for
' ZT:EL?IT(?::;?;;Z;““G*“P'°Ye“') 765 (60%) 187 (63%) >78 (60%) 88821 a similar number of false negatives than KNN, therefore exhibiting a
METHODOLOGY Never consumed 446 (35%) 120 (40%) 326 (34%) lower error rate (28% vs. 41%, respectively).
Rarely consumed 361 (29%) 95 (32%) 266 (27%)
Occasionally consumed 223 (18%) 38 (13%) 185 (19%) Table 2. Odds ratios for patients ever hospitalized for MG (yes/no) in
> Data source: Myasthenia Gravis Foundation of America Global MG Frequently consumed 235 (19%) 44 (15%) 191 (20%) multivariate analysis
Patient Registry (MGFAPR) is an online longitudinal patient-reported I\'xﬁoz';‘;itg'ffs'l”'s (years)" °38(39)  4.86(8.30) 810063
registry. Data collected between July 2013 and March 2025 were used e 468 (37%) 94 (32%) 374 (39%) OR 95% Cl p-value
iNn this study. Alcohol consumption at enrollment
) | . y . p .. d18 d old +h I RIS 37(2.9%) 12 (4.0%) 25 (2.6%) Occasionally copnsumed vs. Never consumed 0.62 0.39, 0.97 0.041*
nciusion criteria: . grﬂupants age ygars ar:l OlQEr, with a self- Double Seronegative (AChR- & MuSK-) 121 (9.6%) 48 (16%) 73 (7.5%) Time since diagnosis at follow-up (years) 0.97 0.95, 0.99 0.006*
reported (and physician-confirmed) MG diagnosis, who had o Antibody status
completed the first follow-up within 12 months of enroliment were Jnknown ormissing PRBT HSEE HebT P P ——— A 10628 S—
: _ . : : History of thymectomy (yes) 309 (24%) 90 (30%) 219 (23%) <0.001%* iIstory of thymectomy .
mclud.ed (n—1,3.50).. quﬂupants with incomplete response to Exacerbation (yes) 206 (31%) 121 G1%) 175 (23%) 00015 Vos ve No 172 121244 0,002
overnight hospitalization at first follow-up were excluded (n=85). psychological disorders (yes)" 836 (66%) 224 (75%) 612 (63%) <0.001% MG-ADL score at enrollment 110 1.06 116 <0.001%
> Ana|ysi5: Treatments currently (yes) Feeding-tube at enrollment
AChEIs 979 (77%) 253 (85%) 726 (75%) <0.001* Yes vs. No 1.60  1.00, 2.54 0.049*
o Descriptive analysis (chi-square tests and ANOVA) was performed to Corticosteroids 553 (44%) 158 (53%) 395 (41%) <0.001* Number of times at ER at enroliment 154  1.33,1.79 <0.001*
compare patients with and without overnight hospitalization in the IVig/SClg 1,039 (82%) 218 (73%) 821 (85%) <0.001*

' ' : : PLEX 49 (3.9%) 22 (7.4%) 27 (2.8%) <0.001* Non-significant factors not shown: age at follow-up; gender; BMI; Employment status at enrollment; Alcohol
last 6 months ‘:at fi r.St fO”OW-Up, alOng Wlth correlation analYSItS to MG-ADL score 6.11 (3.807) 790 (3.7(;3) 5 57 (3.7;) <0.001* consumption at enrollment (vs. Never consumed): Rarely consumed, Frequently consumed; Antibody status (vs.
check for multicollinea rity and select variables for the pred|ct|0n T e e 128 (10%) 50 (17%) 78 (8.1%) <0.001% AChR+): MuSK+, Unknown or missing; Psychological disorders (Yes vs. No); AChEls at enrollment (Yes vs. No);

: : _ ' ’ Corticosteroids at enrollment (Yes vs. No); IVIg/SClg at enrollment (Yes vs. No); PLEX at enrollment (Yes vs. No);
model (selected variables for the model are shown in Table 1). Number of times at ER 0.53 (1.01) 1.10 (1.31) 0.35 (0.82) <0.001* Number of times at ICU at enrollment (vs. 0): 1. 2. 3 or more.
: : : : : : Number of times at ICU (in the last 5 years <0.001*
- I\/Iultlpleo Imputation was applied to the selected variables with less . | (I s (72%) 172 (58%) 733 (76%) > Occasional alcohol consumption, compared to never drinking, (OR
than 30% missing data. 1 187 (15%) 68 (23%) 119 (12%) 0.6, 95% Cl 0.39-0.97) and longer time since diagnosis (OR 0.9 per
o The data was split (70% training, 30% testing). To address class - >3 (4.2%) 24 (8.1°%) 27 (3.9%) year, 95% Cl 0.95-0.99) were associated with lower odds of
imbalance in hospitalization outcomes, the training dataset was = O oS =80 2152 =187 hospitalizat
| - hp I . ! . | gh talized 3 All variables captured at enroliment unless other wise indicated. P Antibody status, history of thymectomy and Ospitalization.
balanced t roug. oversamp mgt e mlnor!ty C ass ( psplta 1zeq) psychological disorders data wer_e taken from enrollment ar.1d first follow-up. “Age and tlme since dlagno?ls ~ Factors linked to increased hospitalization risk include double
d d | th t ( t h tal d) (F re 1 ) data were taken from first follow-up. BMI, Body Mass Index; AChR, acetylcholine receptor; MuSK, muscle
and un erTamp |tr)1|g e Mmajorl yf Nno dOSpI allze llgu e ). ) specific tyrosine kinase; AChEIl, acetylcholinesterase inhibitor; IVIg, intravenous immunoglobulin; SCIg, Seronegative antibody status (AChR- & MuSK-) Compared to AChR+
Categorical variables were transformed to numerical usinge one-not subcutaneous immunoglobulin ; PLEX, plasma exchange MG-ADL, Myasthenia Gravis Activities of Daily Living. .
5 : & Psychological disorders (anxiety and depression) was taken from enrollment and first follow-up. (OR 1 -7, 95% CI 1 06'285): hlStOry of thymECtOmy (OR 1 72: 95% CI
encoding. : : : : 1.21-2.44), higher MG-ADL score at enrollment (OR 1.10 per point
, , , Figure 2. Confusion Matrices (XGBoost; left, KNN; right) ' 4), NIg , IV PErp '
o eXtreme Gradient Boosting (XGBoost) and K-Nearest Neighbor 95% CI 1.06-1.16), presence of a feeding tube (OR 1.60, 95% CI 1.00-
algorithm (KNN) classifier were used to build the predictive model. Actual data Actual data 2.54), and more frequent emergency room visits (OR 1.54, 95% Cli
o Model performance was evaluated using cross-validation, accuracy, Yes NO Yes No 1.33-1.79).
sensitivity, specificity, precision, F1-score, and Area Under the Curve S [ > Logistic regression performed like XGBoost, with an AUC of 76%.
Vg
(AUC). 3| 45 s S|g| 46 C
Figure 1. Outcome Distribution Pre- and Post-balancing in the ° o CONCLUSION
Training Dataset O - . . —
) B9 : 230 % O > XGBoost achieved the highest AUC (77%), followed closely by logistic
671 (75.8%) 0| Z C Q| Z 177 regression (76%), while KNN lagged behind with an AUC of 58%,
500 o - suggesting XGBoost as the best-performing model in this context.
Figure 3. Performance Metrics (XGBoost and KNN) > As a proof-of-concept investigation, odds of hospitalization risk and
128 GO%) 428 (50%) Accuracy factors identified are not necessarily definitive and further validation is
o 400
= needed as next step.
S 237 (18.2%) Sensitivit C : : : : : :
214 (20 2% ’ > Accurately predicting hospitalization risk using real-world evidence
200 ' Specificity ° 77% remains challenging due to limited sample sizes and imbalanced
33 (21.8%) Precision 9 40% o NN outcomes.
: E1-score 0 AE m XGBoost
raining data (before balancing) raining data (after balancing) Test data
T g data (bef bal g T g data (after bal g AUC 0 7704 ’ | | | | . N |
Overnight hospitalization (in the last 6 ma.) at first follow-up . Yes . Mo 1. Garcia DA, Pardo, J. Myasthenia gravis. Update on diagnosis and therapy. Medicina clinica. 2023;161(3),
0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 119-127.
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