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Calibration and Clinical Utility for Trustworthy
Handwriting—-Based Alzheimer’s Disease Detection
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Abstract

Handwriting analysis is a non-invasive method for early detection of Alzheimer’'s disease. Prior
DARWIN dataset studies reported only simple metrics such as accuracy and AUC, without addressing the
reliability of predicted probabilities or the handling of uncertain cases. This study re-evaluates six
machine learning models using repeated 5x5 cross-validation, applying four probability calibration
techniques and Mondrian Inductive Conformal Prediction to quantify uncertainty. Random Forest showed
the highest performance (AUC 0.957) but the largest calibration error (ECE 0.192). Isotonic regression
reduced this by 53% (ECE 0.090), a significant improvement (p<0.001), and a rejection option withheld
predictions for uncertain cases. Decision curve analysis showed that calibrated probabilities can yield
greater net benefit for clinical decision-making. Thus, clinical use of such models requires probability
calibration and uncertainty quantification, beyond simple metrics.
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DARWIN Dataset Preprocessing

Z-score normalization
Repeated 5%5
stratified CV
Train 60% /
Cal 20% / Test 20%

174 subjects
(89 AD / 85 HC)
25 tasks x 18 features

— 450 variables (6 models)

Baseline Models

LR - SVM-RBF - RF
XGBoost - LightGBM -
MLP
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Calibration

Discrimination:
AUC, Acc, F1, MCC
Calibration:
ECE, Brier
Conformal: coverage,
set size, singleton
Clinical: DCA,
selective, SHAP

Platt - Isotonic

Beta - Temperature
+ Mondrian ICP
(a=0.05/0.10/0.20)

l

Outputs: Probability calibration (AECE) -

Prediction sets with reject option -

Clinical net benefit - Feature importance

Fig. 1. Overall pipeline of the proposed probability-calibration and conformal-prediction framework.

O 1. Hotst= &8 2 2 AEY ofF =g 3o ™A mol=ziel
Fig. 1. Overall pipeline of the proposed probability-calibration and conformal-prediction framework
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S5-repetition, & 253 H7hH<S A€ok 7t
foldoll Al &< H3H(train portion) WellA THA]
X%s HA ANEZ g3t wEtA foldd
oF 1057 =d ZAxHo| oF 357e] BA H

ICPell, oF 349 o] H~Ed 24t} AA ] @
A9 dHolg rs WAS LA, Z-score A
T3HE A% BAA sepvEEE, 25049
FAL T 2ol At FPsA) o] F
U FEnEE H4E 2 H2E 23 4§
gozx 7 B 7+ AR {FE& AdstArh
gty 34 Windows 11¢] WLS  Ubuntu

22045 LTSelA Python 3.139, numPy 2.3.5,
pandas 3.0.0, scikit-learn 1.8.0, XGBoost 3.2.0,
LightGBM 4.6.0, SHAP 050.0& AH&at3ich Al

2=F % 2 2y
o

32 670 wlojxekel =] B4 A(raw)
s I A AFE Qo3 4

+

4
T Ay BA 8
= 257 folde] it + HTHAE AASH
4 A A3%E ®¥¥ Random Forest7} 3-5}
0871, AUC 09572 713 THoH,
LightGBM(Acc 0.869, AUC 0.947) ¥}
XGBoost(Acc 0.864, AUC 0.947)7} & o]th.
MLP= AZ% 0.788% 71 ¥k

aEv B WM AgE 99k At
o sielo] yebstth Random Foreste] ¥4 A

31

M\

ECE= 01922 E& Bd F 7HE =3tk o]+
AREIt Ee RAYSE 0] T Ho| ¥
L $9e WERY 99 LightGBM(ECE

18)#} XGBoost(ECE 0.121)F Eg 2 Fo

43t 671 Hjo]xekel REle] Fg dfo|w ety 1% Ao BAol & wo] gtk 17 2
B % 29 Zu ] AZA = E(reliability diagram)7} o] HE &
I 2 HjojAztel ZH o slo|H mi2io|E
Table 2. Hyperparameters of baseline models

Model Hyperparameters
Loistic B . C = 1.0, L2 penalty, max_iter = 2000 (with
istic Regression
s & StandardScaler)
C = 1.0, gamma = scale, probability = True (with
SVM-RBF
StandardScaler)
Random Forest n_estimators = 300, mél_iimples_leaf = 2, default
cP!

n_estimators = 300, max_depth = 4, learning_rate

XGBoost = 0.05, subsample = 0.8, colsample_bytree = 0.8
n_estimators = 300, num_leaves = 31,
LightGBM learning_rate = 0.05, subsample = 0.8,
colsample_bytree = 0.8
hidden_layer_sizes = (64, 32), activation = ReLU,
MLP alpha = le-3, max_iter = 500, early_stopping (with
StandardScaler)
random_state = 42, n_jobs = -1, eval_metric =
Common

logloss; ICP a € {0.05, 0.10, 0.20}
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FolstAl vebsth 591 24+ Random Forest
o] ECEE 0.192914 0.0902.2 53% ZFAAlA 7+
98 HA HeS B0l vk Platt scaling

& ECEE 026002 Z7IA7 BA TAHL $3

H ASAIATHE 3). ©]+ Random Forest’} E
g FX v]&o 73 o= 35S AEEE &

Aak okZsle s BEXE PAS R AR
| =

79l BErshrt A 2 EkA
%7] wjFo|t}. Temperature scalingS A%
4 AUCE #AetHA ECEE 01152 Y5

Random Forestoll gt FAAQ1 HA fito =z
glolx9ltl. LightGBM¥# XGBoostdlAlE 59
3|7} ECEE Z+ZF 0.0907 0.0962.2 ZHAAA

2% B ZIE yehdth 3 Logistic
Regression®} SVM-RBF+= X34 A ECE7} o]v1]
0.1370.15 o= ol By Ao wE /A
Zo] Aoz A5 o]},

4.3 28 =9l SAH =ld

b mEl-ng iy 3ol AAR A AT
= fronletAl WAdsk=A dHEskrl flal, 2570
¥ Wilcoxon 3.4
A EAE A

W Holm-Bonferroni B4 7] ##x p < 0.001,
wx p < 001, * p < 0.05)

Q3 ZE-EY g BR.EHY X|E (2570 fod Hd + EFHXKY
Table 3. Discrimination and calibration metrics by model and calibration method

Model Calibration Accuracy AUC ECE Brier
LogReg Raw 0.824+0.059 0.899+0.049 0.149+0.043 0.137+0.045
LogReg Isotonic 0.813+0.070 0.883+0.049 0.126+0.043 0.140+0.039

SVM-RBF Raw 0.834+0.072 0.904+0.062 0.132+0.045 0.124+0.047
SVM-RBF Isotonic 0.809+0.089 0.881+0.068 0.111+0.052 0.134+0.048

Random
Raw 0.871+0.059 0.957+0.026 0.192+0.037 0.111+0.017

Forest
Random

Platt 0.867+0.056 0.957+0.026 0.260+0.039 0.157+0.011

Forest
Random )

Isotonic 0.863+0.047 0.934+0.040 0.090+0.042 0.098+0.036

Forest
Random

Beta 0.867+0.053 0.957+0.026 0.153+0.034 0.094+0.021

Forest
Random

Forest Temperature 0.871+0.059 0.957+0.026 0.115+0.027 0.087+0.028

ores
XGBoost Raw 0.864+0.066 0.947+0.034 0.121+0.028 0.091+0.036
XGBoost Isotonic 0.855+0.050 0.926+0.048 0.096+0.042 0.104+0.041
LightGBM Raw 0.869+0.061 0.949+0.035 0.118+0.044 0.099+0.043
LightGBM Isotonic 0.870+0.04 0.928+0.0561 0.090+0.043 0.099+0.043
MLP Raw 0.783+0.080 0.873+0.062 0.156+0.038 0.150+0.041
MLP Isotonic 0.780+0.074 0.850+0.068 0.127+0.051 0.162+0.044
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E 4 X Z3o| st Wilcoxon

pal

[==]

3

(ECE, Holm-Bonferroni &23)

Table 4. Wilcoxon paired test of calibration effects on ECE (Holm-Bonferroni adjusted)

Model Method A ECE p (Holm) Effect
Random Forest Platt +0.068 <0.001 Worsened ##x
Random Forest Isotonic —0.102 <0.001 Improved s
Random Forest Beta —0.038 <0.001 Improved s##*
Random Forest Temperature —0.076 <0.001 Improved s

XGBoost Platt +0.089 <0.001 Worsened

XGBoost Isotonic —0.026 <0.001 Improved s

LightGBM Platt +0.074 0.001 Worsened

LightGBM Isotonic —0.028 0.001 Improved s

MLP Platt +0.052 0.018 Worsened *

MLP Isotonic —0.029 0.018 Improved *
719 2dof Hlg)] @A s e oS BHArh 19 39 DCA+ 9JAF A mghthar ddste
a = 0209 ul, 4F AlgolA oH FYPrr 71 GEQ 4 JAAA A gE(pte] W
¥3elA &E T empty set) olSo] AT 3}ste] wiel BAE SdEI B4 A FE(raw
How, Eg] 7|0k HdoA= oF 4o A 5%9] A} probability)®] =H o] oG A FeA=AE H|

# 7} olo st olelet T A5 & A Sol=

Do g Aol Wigk ERE BAHoE AT Random Forest ®&9] 79 HAHA o4&
she Ao AN 4 9ov, 444 MY dd HES Rde] AAA B BAS U
ggol| A EE o] =2 AlElE ATl Al A W7 w&oll, p = 0307045 T-7holA = <o)
HESH=S 3]58h= 71 4 (reject option) 2 BE SAE dEAeR Hem Ashe
2 288 5 Aok treat-all’ A3} fAS FEAA et
HhH 59 317 = Temperature Scaling *HH
4.5 4T K8 o HEL HAT 9olE FAR FOIAE

Net benefit

-0.1 1

-0.2 4
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RandompForest

-- Treatall
- Treat none
—— Raw

=~ Isotonic
—— Temperature 3
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Fig. 3. DCA comparing raw and calibrated predictions for XGBoost (left) and Random Forest(right)
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Table 5. Inductive Mondrian Conformal Prediction (mean = std)
] Singleton
Model a Coverage Avg. set size ) Empty rate
rate
LogReg 0.05 | 1.000+0.000 | 2.000+0.000 | 0.000+0.000 | 0.000+0.000
LogReg 0.1 0.961+0.034 | 1.512+0.148 | 0.488+0.148 | 0.000+0.000
LogReg 0.2 | 0.851+0.080 | 1.076+0.100 | 0.899+0.073 | 0.013+0.030
SVM_RBF | 0.05 | 1.000+0.000 | 2.000+0.000 | 0.000+0.000 | 0.000+0.000
SVM_RBF 0.1 0.953+0.052 | 1.400+0.191 | 0.600+0.191 | 0.000+0.000
SVM_RBF 0.2 | 0.850+0.091 | 1.078+0.168 | 0.869+0.130 | 0.027+0.046
R;‘;%‘;? 0.05 | 1.000+0.000 | 2.000+0.000 | 0.000+0.000 | 0.000+0.000
Random
S 0.1 0.956+0.040 | 1.246+0.145 | 0.754+0.145 | 0.000+0.000
R;‘;%‘;? 02 | 0.848+0.074 | 0.967+0.090 | 0.934+0.069 | 0.050+0.069
XGBoost 0.05 | 1.000+0.000 | 2.000+0.000 | 0.000+0.000 | 0.000+0.000
XGBoost 0.1 0.953+0.053 | 1.288+0.154 | 0.712+0.154 | 0.000+0.000
XGBoost 0.2 | 0.853+0.079 | 0.985+0.097 | 0.925+0.062 | 0.045+0.059
LightGBM | 0.05 | 1.000+0.000 | 2.000+0.000 | 0.000+0.000 | 0.000+0.000
LightGBM 0.1 0.954+0.057 | 1.287+0.164 | 0.713+0.164 | 0.000+0.000
LightGBM 0.2 | 0.856+0.060 | 0.981+0.079 | 0.939+0.052 | 0.040+0.048
MLP 0.05 | 1.000+0.000 | 2.000+0.000 | 0.000+0.000 | 0.000+0.000
MLP 0.1 0.966+0.047 | 1.598+0.200 | 0.402+0.200 | 0.000+0.000
MLP 0.2 | 0.869+0.100 | 1.188+0.199 | 0.773+0.151 | 0.019+0.049
| dBHA o =4 FAEHAL o= F AL Fp — 05 %S 7FoR AHE
o] trdl EAA Aol A ekar A A AL 5 g = A9 o
| 94 garAaAe] 840 AP g o] AHINHS ApFo ' Aed uf AR A
= STRATOS 2025[3]¢] dAxAtats A4 aE A2 Hrisiginh B4 Ay 59 ﬂ
TS Bl gkt 2 ®A¥ Random Forest ¥ XGBoost %
o7, Aefa HF EAMoAE 7zt o =79 AT 75 A9 30% o Zel A 96797%<] %

6. B ISHAP| &t 71= A9l 87 EflA3 (MA Hlole X &S XGBoost)
Table 6. Top 8 tasks ranked by aggregated mean ISHAP| (XGBoost refit on full data)

Rank Task SISHAP Task content (description)
1 Task 23 1.342 Number sequence (1, 2, 3, ..)
2 Task 19 1.239 Cursive lowercase letter chain
3 Task 17 0.882 Word copying (in cursive)
4 Task 5 0.594 Two-pair sequence drawing
5 Task 8 0.568 Pentagons (visuospatial copy)
6 Task 3 0438 Spiral drawing
7 Task 9 0.383 Clock drawing (memory)

3 Task 22 0.329 Sentence dictation
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