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Abstract

Dysgraphia can negatively affect children’s education by making
handwriting difficult. Binary classification of dysgraphia from tablet
handwriting signals limits clinical interpretability and gives little
guidance for borderline cases. We propose an age-conditional nor-
mative modeling framework that converts digital handwriting fea-
tures into a continuous severity score and a Mondrian conformal
triage output. We fit twelve Gaussian-process normative models
on typically developing children only and define the Handwrit-
ing Maturity Gap (HMG) as each child’s standardized deviation
from age-typical handwriting. On 280 primary-school children,
HMG alone strongly separated dysgraphic from typically devel-
oping children (AUC= 0.907) and added substantial information
beyond chronological age. Within dysgraphic children, higher HMG
tracked worse BHK handwriting quality, supporting its use as a
severity score. A two-feature classifier using only age and HMG
achieved AUC= 0.925, comparable to five 12-feature baselines. The
Mondrian conformal triage layer achieved empirical coverage of
0.942, issued confident singleton decisions for 86.5% of children,
and was correct on 93.3% of those singleton cases.
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1 Introduction

Dysgraphia is a developmental handwriting disorder often linked
to motor-coordination difficulties; related developmental coordi-
nation problems affect about 5% of children and may persist into
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adulthood [5]. Children with dysgraphia write more slowly than
their peers, and their letter quality is poorer. The academic gap
widens through primary school.

A common reference test is the Concise Evaluation Scale for Chil-
dren’s Handwriting (BHK) [5, 12]. The BHK is reliable but resource-
intensive: it requires a trained specialist for administration and
scoring. Specialist shortages are a cause of delayed diagnosis.

Digital tablets with smart pens make automatic screening pos-
sible. A child writes on the tablet, and software extracts dynamic
features such as writing speed, pen pressure, and pen tilt. Many
groups have built classifiers that predict dysgraphia from these
features [2, 3, 8, 18]. Most of this work, however, treats screening
as a binary problem. Nevertheless, there are two clinical needs that
binary screening leaves open: (1) A binary output does not tell a
clinician how severe the case is. It does not indicate which treat-
ment to start with, or how often to follow up. (2) A dysgraphia score
0f 0.51 and a score of 0.99 should not lead to the same clinical action,
but a binary classifier treats them the same once the threshold is
crossed. The borderline cases are exactly the cases where a clini-
cian’s input matters most. Existing classifiers do not communicate
this uncertainty.

Kunhoth et al. [15] extended dysgraphia assessment beyond
binary classification by introducing the first multimodal severity
dataset, comprising online and offline handwriting data from 113
Slovak children, and classifier-fusion methods for three-level grad-
ing: typically developing, grade 1 (mild), and grade 2 (moderate to
significant). Their work is complementary to ours, with the main
distinctions arising from three methodological and empirical differ-
ences.

Discrete versus continuous severity. Kunhoth et al. collapse five
clinical severity levels into three label-defined classes. In contrast,
our severity index is continuous: thresholds can be imposed post
hoc, without quantizing the underlying estimate. This preserves
information and supports longitudinal monitoring, where small
within-subject changes may be clinically relevant.

Discriminative vs. generative learning. A discriminative classifier
learns where the boundary between labeled groups sits. A genera-
tive model learns what one group looks like and treats deviation
from it as the signal. Their classifiers are discriminative: they are
trained on labeled severity classes, i.e., TD (typically developing) /
grade 1/ grade 2). Our normative model is generative on the TD
population only. Severity then emerges as a deviation from the age-
conditional norm rather than as a learned decision boundary. This
generative framing has two practical consequences: it sidesteps
class-imbalance issues during normative fitting (the model never
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sees a dysgraphic example), and it makes the score age-conditional
by construction.

Point predictions vs. calibrated sets. Their outputs are point classi-
fications with cross-validation variance. Ours are conformal predic-
tion sets. Split-conformal carries finite-sample marginal-coverage
guarantees under exchangeability between calibration and test data;
in our cross-validated evaluation, the guarantee is empirical (av-
eraged over folds) rather than the guarantee of a single deployed
model with a fixed held-out calibration set. The Mondrian variant
we use stratifies by school grade, so empirical coverage is reported
per grade. This adds an explicit triage layer that a binary or multi-
class output cannot provide.

In other words, Kunhoth et al. [15] ask “which severity bin does
this child fall into?” We ask “how far from age-typical is this child,
and how confidently can we screen them?”

The contributions of this paper thus include:

(1) We define the Handwriting Maturity Gap (HMG), a continu-
ous, age-conditional severity score derived from a diagonal-
covariance Gaussian-process (GP) normative model (twelve
independent “age to feature” GP regressions) trained on TD
(typically developing) children only. HMG combines deviations
across all 12 handwriting features into a single non-negative
scalar.

(2) We define the Handwriting Age Equivalent (HAE), the age at
which a child’s handwriting features are most consistent with
typical development. The difference between chronological age
and HAE provides the clinically intuitive “writes like an N-year-
old” framing.

(3) We wrap a two-feature classifier (chronological age and HMG)
in Mondrian split-conformal prediction at « = 0.10. The out-
put is a prediction set: a single class for confident cases, both
classes for borderline cases. Empirical cross-validated coverage
is reported within each school grade.

(4) We compare against five 12-feature baselines, including an FT-
Transformer.

We train and evaluate our framework on a dataset of 280 French
primary school children analyzed by Gargot et al. [9]. The novelty
of our method is in the representation (HMG, HAE) and the decision
interface (conformal sets). We show that no statistically significant
AUC difference is detected against five 12-feature baselines, and
we offer interpretability and triage on top.

2 Related Work

Binary dysgraphia screening: Asselborn et al. [2, 3] trained a random
forest on 53 handwriting features extracted from n = 298 children
(56 dysgraphic) and achieved high diagnostic accuracy. We use the
reduced 12-feature analysis subset of n = 280 children that Gargot
et al. [9] adopted (see §3.1). Mekyska et al. [18] took a similar
handwriting-feature approach on a cohort. Drotar and Dobes [8]
introduced an open Slovak dataset for binary classification and
reported up to 80% accuracy with AdaBoost.

Gargot et al. [9] used the same French cohort to identify subtypes
of dysgraphia by unsupervised K-means clustering. They found
subtypes that differed in motor and spatial deficits. Their contri-
bution is orthogonal to ours: they characterized variation within
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dysgraphia, while we quantify severity across both groups using a
continuous score grounded in typical development.

Severity grading: Kunhoth et al. [15] used a multimodal dataset
and a severity-classifier benchmark. We discussed the relationship
to our approach in Section 1 in brief, their target is discrete class
assignment from labeled severity classes, whereas ours is a contin-
uous deviation score from a normative model.

Direct numerical comparison between our paper and theirs is
not appropriate, because the datasets (French n = 280, ages 6-11 vs.
Slovak n = 113, ages 8-15), the labeling schemes (binary vs. three-
class), and the metrics (ROC-AUC vs. macro-recall) all differ. We
position our work as complementary: a continuous, age-conditional
severity score and a calibrated screening interface, suitable for use
alongside or instead of a discrete class label.

Normative modeling: Normative modeling was popularized in
clinical neuroscience by Marquand et al. [17]. The approach fits a
regression model on healthy controls only. Every feature value of
every patient is then treated as a deviation from the age-conditional
norm. Rutherford et al. [20] scaled the approach to brain imaging on
58,000 individuals. The framework has been used for schizophrenia
and bipolar disorder [24]. We apply the same logic to handwriting
and aggregate the per-feature deviations into a single severity score.

Conformal prediction in healthcare: Conformal prediction [1, 23]
is a model-agnostic method for uncertainty quantification. Rather
than returning only a single prediction, it returns a set or interval of
plausible outcomes that contains the true value with a user-specified
probability, without assuming a particular data distribution or
model form. The Mondrian variant calibrates separately within
predefined groups, such as school grade, targeting subgroup cover-
age under exchangeability [6, 23]. Conformal methods have also
been used in medical settings, including image classification [16]
and medical uncertainty [14]. To our knowledge they have not been
applied to handwriting-based screening.

Tabular deep learning: Whether deep neural networks outper-
form gradient-boosted trees on small tabular datasets remains de-
bated. Grinsztajn et al. [11] found that tree-based models still per-
form best on most small-data benchmarks. We therefore include
FT-Transformer [10], a Transformer-based tabular model, as a neu-
ral baseline.

3 Methods

3.1 Dataset and features

The dataset by Gargot et al. [9] contains digitizing-tablet handwrit-
ing recordings from 280 French primary-school children performing
the five-minute Concise Evaluation Scale for Children’s Handwrit-
ing (BHK) copy task, the French reference test for dysgraphia. The
dataset includes 218 typically developing children (TD) and 62
children with dysgraphia (DYS) across grades CP, CE1, CE2, CM1,
and CM2, corresponding approximately to ages 6-10 years. Hand-
writing was recorded on paper affixed to Wacom Intuos tablets
at 200 Hz with 0.25 mm spatial resolution. Each record includes
an anonymized identifier, group, grade, age, gender, and handed-
ness; the cohort comprises 128 female and 152 male participants,
including 247 right-handed and 33 left-handed children.

The dataset contains two BHK reference scores. BHK_raw_speed_score

records the number of characters written in five minutes, whereas
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BHK_raw_quality_score is a handwriting-quality degradation score,
with higher values indicating poorer handwriting quality. The data
file reports these raw BHK scores as mean values across three raters.

We use the 12 aggregated digital handwriting features retained
in Gargot et al. [9]. The static features are Space_Between_Words,
measuring average spacing between words; std_Density, mea-
suring variability in handwriting density across spatial grid cells;
and median_Freq_tremolo, measuring the median frequency of
tremor-related handwriting fluctuations. The kinematic features are
median_Freq_speed, the median frequency of the writing-speed
spectrum; dist_Freq_speed, the distance between the child’s speed-
frequency distribution and the age-matched typical distribution;
and in_Air, the proportion of time the pen is not touching the
tablet. The pressure features are mean_Pressure, average pen pres-
sure; mean_d_P, the mean rate of pressure change; and std_d_P,
the variability in the rate of pressure change. The pen-tilt fea-
tures are dist_Freq_tilt_x, the distance between the child’s tilt-x
frequency distribution and the age-matched typical distribution;
bandwidth_tilt_x, the bandwidth of the tilt-x frequency spec-
trum; and median_Freq_tilt_y, the median frequency of the tilt-y
spectrum. Age is parsed into months from the original age strings
and treated as a continuous covariate. The BHK raw quality score
is used only as an external validation signal and is not included as
a model input.

3.2 The Handwriting Maturity Gap

The intuition is straightforward. We learn what age-typical hand-
writing looks like in TD children, and we measure how far each
child departs from that pattern. A larger departure means a more
severe deviation from the age norm.

Why a Gaussian process? A Gaussian process (GP) regression [19]
is a curve-fitting method that returns not just a predicted mean at
every input, but also a predicted variance. Concretely, after train-
ing on TD data, we can ask the GP: “at age 9 years, what is the
typical writing-speed value and how spread out is the GP’s predic-
tion?” and we get back both numbers. This matters here because
the predictive band naturally widens at ages where TD data are
sparse: the GP’s posterior predictive variance is age-dependent
even when the residual-noise term is constant. A z-score divided by
a constant variance would be miscalibrated. A z-score divided by
an age-dependent posterior predictive standard deviation 6;(age)
accounts for this.

For each of the 12 features j € {1,..., 12}, we fit an independent
GP regression on the TD-only training data. Let a denote age in
months, and let y;(a) denote the value of handwriting feature j
at age a. The generative model is feature-as-function-of-age plus
homoskedastic Gaussian observation noise:

yj(a) = pj(a) + ¢, £j ~N(O, J,Zl,j), (1)
where y1;(a) is the age-dependent mean function for feature j, ¢;
is residual observation noise, and 0',21’ j is the feature-specific noise
variance.

We use the covariance function

N2
ki(a,d’) = k;j exp(—%

) + Uﬁ’jé(a, a), 2)
J

GoodIT 26, September 02-04, 2026, Pisa, Italy

where a and a’ are two ages, k; controls the marginal variance of
feature j, ¢; is the length-scale controlling the smoothness of the
age trend, and d(a, a’) is one when a = a’ and zero otherwise. This
kernel is a constant times a radial basis function plus a white-noise
term. The radial basis function says that data points at nearby ages
should have similar feature values. The white-noise term lets the
model account for residual measurement noise; we do not fit a
heteroskedastic noise model.

We fit the kernel hyperparameters k;, £;, and 0',21’ ; by marginal-
likelihood maximization with two random restarts, using the im-
plementation in scikit-learn (RBF + WhiteKernel). The 12 GPs
are fit independently; we therefore call this a diagonal-covariance
normative model.

The age-dependent quantity used in the z-score below is the
posterior predictive standard deviation 6;(a). This quantity reflects
both uncertainty in the age-dependent feature value and the fitted
homoskedastic noise variance UTZL ;- Its age dependence arises from
the GP posterior and therefore tends to be larger in age regions
where TD training data are sparse.

Using these age-specific GP predictions, we define the deviation
z-score for child i and feature j as

Yij — 17 j(ai)
Zij = T a3 ®3)
max(6;(a;), 1073)

The numerator is the residual relative to the age-specific TD poste-
rior mean f;(a;), and the denominator standardizes this residual
by the corresponding posterior predictive standard deviation. The
denominator is floored at 1073 to avoid numerical instability when
the predictive variance is very small; this floor was rarely active in
practice.

The HMG score for child i is the root-mean-square z-deviation
across all 12 features:

©)

HMG is non-negative. Larger values mean larger overall deviation
from the TD age-typical pattern. It is defined as the root-mean-
square standardized residual across the 12 handwriting features.
The diagonal approximation treats features as conditionally inde-
pendent given age, which improves stability in our modest sample;
A full covariance estimate would have (122) = 66 off-diagonal entries
to estimate from ~ 200 TD training children, which is statistically
fragile.

Why predict features from age, not the reverse? A forward model
predicting age from handwriting features is intuitive, but in small
samples its predictions tend to shrink toward the training-set mean:
young children appear too old and older children too young. We
observed this pattern in pilot experiments. We therefore use the
inverse formulation: predict each feature from age, then measure
deviation from the TD age-typical pattern. This avoids using poten-
tially biased age predictions as the basis for the handwriting score
and follows clinical normative modeling practice [17, 20].

What HMG should look like under correct calibration. HMG is the
root-mean-square of the 12 standardized residuals. If the model is
well calibrated on TD children, these residuals should have mean
zero and unit variance, so a typical TD child should have HMG
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close to 1, not 0. Therefore, we check calibration by asking whether
the average TD HMG remains close to 1 and stable across grades,
rather than increasing or decreasing with age.

3.3 The Handwriting Age Equivalent

The HMG score is statistically powerful but not in clinical units. A
clinician asking “What does HMG = 2.4 mean?” does not receive
a simple clinical interpretation. We therefore complement HMG
with the Handwriting Age Equivalent (HAE).

The intuition is to take a child’s measured handwriting features.
Ask the TD GPs “at what age would these features be most typical?”
That age is the HAE. Formally, HAE is the age a that maximizes
the joint Gaussian likelihood of the child’s features under the per-
feature TD GPs. The HAE for child i, denoted a(i), is the age at
which the child’s observed handwriting features are most likely
under the TD GP models. Under the diagonal feature approximation,
we define

12
a(i) = argmax »_logN vy |fy(@). 2@). ()
j=1

where y;; is child i’s observed value for feature j, j1;(a) and 6;(a)
are the GP posterior predictive mean and standard deviation for
feature j at trial age a, and N'(- | g, 02) denotes the Gaussian density
with mean y and variance 2.

The objective is a sum of per-feature log-Gaussian densities eval-
uated under the TD GP models at trial age a. Because /1;(a) and
Gj(a) are nonlinear functions of age, the summed log-likelihood
need not be concave or unimodal, so we do not assume an an-
alytical optimum. We solve by exhaustive grid search over a €
{60,61,...,144} months, followed by three-point parabolic inter-
polation around the discrete maximum. This requires evaluating
the 12 feature-specific GP models over 85 candidate ages per child.
HAE values that fall at or near the grid boundary are limited by the
[60, 144]-month search range and should be interpreted as bounded
estimates rather than unconstrained maximum-likelihood optima.

The corresponding Handwriting Age Gap for child i is HAG(i) =
age; — d(i). A positive HAG means the child writes “younger” than
their chronological age. HAE is the score we present to clinicians;
HMG is the score we use for screening.

3.4 The proposed two-feature classifier

The screening classifier is L2-regularized logistic regression on two
inputs: chronological age (z-scored using training-fold statistics)
and HMG (z-scored the same way). We use class-balanced sample
weights to compensate for the dys/TD imbalance. We refer to this
classifier as “LogReg-AGE+HMG”.

Two features may seem too few. Section 5-3 reports a comparison
against five 12-feature baselines and concludes that, on this cohort,
two features perform comparably to twelve.

3.5 Mondrian split-conformal prediction

We wrap the classifier in split-conformal prediction [23] so that the
output is a calibrated set rather than a point prediction. Conformal
prediction turns a probabilistic classifier into one that says “the
answer is class ¢” or “the answer is one of {c, c2} — I am not sure,

Shabnam Sodagari and Shadnaz Asgari

and gives a finite-sample guarantee on how often the true class is
in the returned set.

The split-conformal procedure: Inside each outer training fold,
half of the data is used to fit the classifier f and half is reserved
for calibration. For each calibration sample (x, cx), where xj is
the classifier input vector and ¢x € {TD, DYS} is the class label, the
non-conformity score is

sk = 1= ppler | xx), (6)

where p j;(c | x) is the probability assigned by classifier f to class ¢
for input vector x. These non-conformity scores, computed over all
calibration samples, are the calibration scores used to choose the
conformal threshold. A small s means that the classifier assigned
high probability to the true calibration label, whereas a large si
means that it assigned low probability to the true label. For a target
miscoverage rate a, let n., be the number of calibration samples.
We sort the calibration non-conformity scores and set § to the
[(near + 1)(1 — a)]-th smallest score. The n¢, + 1 term accounts for
the future test point in the rank calculation, yielding the standard
split-conformal coverage guarantee under exchangeability. The
prediction set for a test input x” is

C(x') = {ce {TD,DYS} : 1 —pielx) < q}- (7)

In words, the set includes every class whose non-conformity score
for the test input is no larger than the calibration threshold §. By the
standard conformal coverage theorem [1, 23], if the test point (X, G)
and the calibration points are exchangeable, then the marginal
coverage satisfies Pr{G € CX)}=>1-a.

The Mondrian variant. Coverage at 1 — « on average can hide sub-
groups where coverage is much lower. Bostrém and Johansson [6]
address this by computing §,,, separately for each Mondrian group
m, using only the calibration points with that subgroup label. This
restores coverage within every subgroup. We use school grade as
the Mondrian group, because the deployment workflow is grade-
specific (a school nurse screens children one grade at a time). If a
calibration cell has fewer than 10 children (only relevant in grade
CP, which contains a single dysgraphic child in the cohort), we
fall back to the pooled quantile for that fold to avoid pathological
behavior on tiny calibration sets. This fallback is a deliberate trade-
off: it gives up the strict per-grade Mondrian coverage guarantee
for grade CP in exchange for stability, and we treat CP coverage as
descriptive rather than guaranteed in the results below.

We fixed a = 0.10, a 90% coverage target. The output is one of
three sets: {Tp} (confident TD), {DYs} (confident dysgraphic), or
{TD, DYs}. The third set is a deferral: the model is uncertain and
asks for clinician review.

3.6 Proposed analysis plan

Our goal is to verify our following hypotheses H1-H4:

H1 (HMG validity). HMG is valid if it separates dysgraphic from
TD children and adds information beyond chronological age. We
require HMG-only AUC > 0.75 and a likelihood-ratio test showing
that dys ~ chrono + HMG improves over dys ~ chrono at p <
0.001.
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H2 (severity gradient). If HMG captures severity beyond the
binary dysgraphic/TD distinction, then HMG should correlate pos-
itively with handwriting impairment within the dysgraphic sub-
group. We therefore test whether HMG is positively associated
with the BHK raw quality score among dysgraphic children only:
Spearman p > 0 with p-value p < 0.05.

H3 (parsimony / non-inferiority). The two-feature classifier
is considered parsimonious if it performs no worse than the 12-
feature baselines within a pre-specified AUC margin. Let AAUC =
AUC;—-AUCpselines where AUC; is the AUC of LogReg-AGE+HMG
and AUCpgseline is the AUC of a 12-feature baseline. H3 is met if, for
every baseline, AAUC > —0.02, and at least 4 of 5 Holm-adjusted
paired DeLong tests are non-significant (pyolm = 0.05).

H4 (conformal triage). We consider conformal triage successful
if the cross-validated marginal coverage is between 0.85 and 0.95
and the singleton rate is at least 0.70. This is an empirical calibration
check, not a formal conformal guarantee. Formal split-conformal
guarantees apply to one fixed deployed model with a held-out
exchangeable calibration set; our 10 X 5 cross-validation evaluation
and the grade-CP fallback to pooled quantiles do not strictly satisfy
that setting.

4 Experimental Setup

Cross-validation All results use 10 repeats X 5-fold stratified cross-
validation, for 50 outer folds total. Splits are stratified on the dys/TD
label. The repeated protocol follows [7], reducing the variance of
the mean-fold estimator at the cost of correlated folds. Inside each
outer training fold, the inverse normative GPs are fit only on TD
children from that fold, so no outer-test data enter the GP fits.
The training fold is then split 50/50 into classifier-training and
conformal-calibration subsets, while preserving the outcome-by-
grade distribution as much as possible, e.g., TD-CP and dys-CP
children are balanced separately where feasible.

Baselines We compare LogReg-AGE+HMG against five 12-feature
baselines: (1) LogReg-12. L2-regularized logistic regression on the
12 features with class-balanced weights. (2) RandomForest-12. A
class-balanced Random Forest using the 12 retained digital hand-
writing features. This baseline is inspired by the Random Forest
diagnostic model of Asselborn et al. [3], adapted to the 12-feature
set retained by Gargot et al. [9]. (3) XGBoost-12. 400 trees, depth
4, learning rate 0.05. (4) LightGBM-12. 400 trees, 15 leaves, learn-
ing rate 0.05. (5) FT-Transformer-12. 3 transformer blocks with
192-dimensional feature embeddings, 8 attention heads, 80 epochs
with early stopping, AdamW optimizer, weight decay 107>, learning
rate 1074, and batch size 32.

We also report two HMG-augmented baselines: LogReg-12+
AGE+HMG (all 12 features plus chronological age plus HMG) and
XGB-12+AGE+HMG.

Statistical tests Pairwise AUC comparisons are performed using
the fast DeLong test [21]. This test compares two AUCs evaluated
on the same subjects and tests the null hypothesis that the two
underlying AUCs are equal. For the AUC comparison family, we
use the Holm step-down correction [13], which controls the family-
wise error rate. For the within-grade effect-size comparisons, we
use the Benjamini-Hochberg correction [4], which controls the
false discovery rate and is suitable for screening multiple subgroups.

GoodIT 26, September 02-04, 2026, Pisa, Italy

Bootstrap percentile 95% confidence intervals are computed using
2,000 resamples; bootstrap samples missing either class are dis-
carded.

Unit of analysis for statistical tests: Repeated cross-validation
produces multiple out-of-fold predictions for each child. Before
computing any hypothesis test, we average these repeated predic-
tions into one score per child. Thus, all statistical tests use the child
as the unit of analysis (n = 280), rather than treating the repeated
predictions as independent observations. This avoids inflating the
effective sample size because repeated predictions for the same
child are correlated.

5 Results

5.1 H1: HMG carries information beyond
chronological age

HMG strongly separates dysgraphic from TD children. A two-
sample Kolmogorov—-Smirnov test comparing the per-child out-
of-fold HMG scores gives D = 0.77, p = 1.3 X 10~2°, and HMG alone
achieves AUC = 0.91.

The key question is whether HMG adds information beyond
chronological age. A logistic regression predicting dys from chrono-
logical age alone achieves AUC = 0.58, only slightly above chance.
Adding HMG raises the AUC to 0.93. A likelihood-ratio test compar-
ing the nested models rejects the age-only null model, y? = 164.1,
P = 1.4 x 10737 (Table 1). HMG was also positively associated with
BHK handwriting-quality degradation, both overall and within the
dysgraphic subgroup. Thus, H1 passes both decision criteria.

Table 1: HMG validation summary. All numbers are out-of-
fold from 10 X 5 stratified cross-validation.

Quantity Value
HMG-only AUC 0.907
Kolmogorov-Smirnov D (dys vs. TD) 0.77
Kolmogorov-Smirnov p 1.3x107%
Likelihood-ratio statistic, age vs. age + HMG 164.1
Likelihood-ratio p, age vs. age + HMG 1.4x107%
AUC, chronological-age only 0.584
AUC, chronological age + HMG 0.931
Spearman p (HMG, BHK quality), all +0.42
Spearman p, all 2.6x 10713
Spearman p, dys subgroup only +0.32
Spearman p, dys subgroup only 0.012

Figure 1 shows the HMG distribution by group, both pooled and
split by school grade. The dys distribution shifts clearly to the right
in every grade. The TD HMG distribution is roughly flat across
grades, with means in the range 0.89-1.07 — close to the value
of 1 expected when z?j has unit mean under correct calibration.
This stable TD pattern across grades is consistent with the inverse
normative formulation avoiding the systematic age-dependent bias
that we observed in the pilot forward-direction model.
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(a) Pooled — KS = 0.77 (p=1.3x10"%), AUC = 0.91 (b) HMG by grade x group
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Figure 1: HMG distribution by group. (a) Pooled across all 280
children; points are individual children. (b) HMG by school
grade and group; boxes show the interquartile range (IQR),
whiskers are 1.5XIQR. CP contains only one dysgraphic child
and is shown as a single point. The TD median is approxi-
mately stable across grades, consistent with the inverse nor-

mative model avoiding the regression-to-mean bias seen in
pilot forward-direction fits.

5.2 H2: HMG captures severity within
dysgraphic children

The Spearman correlation of HMG with the BHK raw quality score
is p = +0.42 (p = 2.6 X 107'3) across all children. A between-group
correlation, however, could be driven entirely by the binary class
distinction: any score that perfectly separated the groups would
yield a high p even if it carried no within-group information. A
more stringent test is the within-dys correlation, which avoids the
between-group separation effect by computing the correlation only
inside the dysgraphic subgroup. We find p = +0.32, p = 0.012
(Fig. 2). The H2 decision rule is met. The within-dys correlation is
modest, and BHK and HMG both encode handwriting quality, so the
result supports rather than proves that HMG carries a continuous
severity gradient on top of the binary class label.

HMG vs BHK quality: pay = 0.42 (p=3x 10713), pgys = 0.32 (p=0.012)

5 TD
dys

w a

HMG (inverse normative deviation)
N

-

0 10 20 30 40
BHK raw quality score (higher = worse handwriting)

Figure 2: HMG versus BHK raw quality score. Higher BHK
quality scores mean worse handwriting. The within-dys
regression line is consistent with HMG carrying severity-
graded information inside the dysgraphic group, on top of
the binary class label.

The within-grade Cohen’s d between dys and TD on HMG is
large for every non-CP grade (Table 2): CE1 d = 4.76, CE2 d = 2.46,
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CM1d = 2.76, CM2 d = 1.17. (Cohen’s d expresses a between-
group mean difference in pooled standard-deviation units; values
above 0.8 are considered large effects.) All Mann-Whitney p values
survive Benjamini-Hochberg correction.

Table 2: Within-grade dys-vs-TD effect sizes on HMG. Mann-
Whitney p values are Benjamini—-Hochberg corrected at FDR
0.05.

Grade ngys nmp Cohen’sd p PBH
CE1 16 42 +4.76 2.7%x107° 5.3x%x107°
CE2 15 36 +2.46 1.1x107° 1.4x107°
CM1 20 44 +2.76 1.4x107° 53x107°
CM2 10 48 +1.17 69%x107% 6.9%x1073

5.3 H3: Two features perform comparably to
twelve

The pre-specified parsimony hypothesis is the boldest of the four
hypotheses. We predicted that the two-feature LogReg-AGE+HMG
classifier would match the 12-feature baselines on AUC. The intu-
ition is that HMG already aggregates all 12 features into a single
age-normalized scalar, so adding the raw features back should pro-
vide little extra signal.

Table 3 reports the result. The reference classifier achieves AUC=
0.925. Every one of the five paired DeLong tests returns a non-
significant p for the null of equal AUC, with Holm-adjusted p = 1.0.
The numerical AAUC (two-feature minus baseline) ranges from
+0.004 (FT-Transformer) to +0.022 (LightGBM); in all five cases,
the sign favors the two-feature reference classifier.

Table 3: Paired DeLong tests comparing LogReg-AGE+HMG
(AUC; = 0.925) with 12-feature baselines. AAUC = AUC,—
AUCh,scline; positive values favor the two-feature model.
Holm correction was applied across five tests. H3 is met:
all AAUC > —0.02 and all Holm-adjusted p > 0.05.

Baseline AUC AAUC Delongp Holmp
FT-Transformer-12  0.921  +0.004 0.83 1.00
LogReg-12 0.918  +0.008 0.78 1.00
RF-12 0.914 +0.011 0.46 1.00
XGB-12 0.912 +0.013 0.53 1.00
LightGBM-12 0.904 +0.022 0.28 1.00

Reading the result: H3 is met. The decision rule required non-
inferiority of LogReg-AGE+HMG to each 12-feature baseline within
0.02 AUC, with at least 4 of 5 Holm-adjusted DeLong tests non-
significant. All five AAUC values (two-feature minus baseline) are
positive, from +0.004 to +0.022, and all Holm-adjusted DeLong
tests are non-significant. Thus, no baseline shows a statistically
distinguishable or practically relevant ROC-AUC advantage over
the two-feature model.

This supports parsimony, not formal equivalence: DeLong’s null
is equal AUC, whereas formal non-inferiority would require a one-
sided paired confidence interval or bootstrap test against the 0.02
margin.
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Figure 3 shows overlapping ROC curves for all eight classifiers,
consistent with the DeLong results.

Precision-recall (PR)-AUC was reported descriptively because
DeLong’s test does not apply to PR-AUC. FT-Transformer-12 had
the highest PR-AUC (0.887), ahead of RF-12 (0.882), XGB-12 (0.877),
and LogReg-AGE+HMG (0.859). This suggests a small ranking ad-
vantage for FT-Transformer on the positive class, but does not
change the H3 conclusion.

ROC: HMG-augmented vs feature-rich baselines (10x5 CV)
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Figure 3: ROC curves for all classifiers (10 x5 cross-validation,
out-of-fold predictions averaged across repeats). The two-
feature LogReg-AGE+HMG (red) lies on or above all five base-
lines. None of the pairwise differences reach statistical sig-
nificance under DeLong’s test (Table 3).

5.4 H4: Conformal triage meets the empirical
calibration criteria

Table 4 summarizes the conformal screening operating characteris-
tics. Figure 4 breaks them down by grade. Empirical cross-validated
marginal coverage is 0.942, inside the pre-specified [0.85,0.95] in-
terval. The singleton rate is 0.865, which exceeds the 0.70 threshold.
Both H4 clauses are met. Consistent with Section 3.5, these results
are interpreted as empirical cross-validated operating character-
istics rather than formal split-conformal deployment guarantees.
Grade CP used the pooled-quantile fallback, so its grade-specific
coverage is reported descriptively.

The most clinically informative number is the singleton accuracy:
when the conformal module returns a single class, it is correct 93.3%
of the time on cross-validated out-of-fold predictions. The 13.5%
deferral rate concentrates exactly where the HMG signal is weakest.
Grade CM2 has the smallest within-grade Cohen’s d (1.17) and also
the highest deferral rate (39%). The pattern is consistent with the
conformal mechanism producing larger prediction sets where the
data warrant it.

5.5 Decision-curve analysis (descriptive)

Discrimination metrics like AUC and conformal coverage do not
directly answer the clinical question would deploying this classifier
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Table 4: Conformal screening operating characteristics (o =
0.10, Mondrian by grade, 10 X 5 cross-validation). Coverage
and singleton rates are empirical CV averages, not formal
split-conformal deployment estimates.

Quantity Value
Empirical marginal coverage (target 0.90)  0.942
Singleton rate (target > 0.70) 0.865
Singleton accuracy 0.933
Deferral rate 0.135
Mean prediction-set size 1.135

Conformal triage flow By grade (target = 0.90)

All children Conformal set Outcome
1.000
Ddeferred (38) Dﬁ clinician review
Rt 0.9751 [ ]
M [Wwrong (16) |
4]
[ ] ™ © 0.950
©

singleton (242)

Empirical cover;
o b
o
S
S

TD (218)

correct (226)

CP CEl CE2 CM1 CM2

Figure 4: Conformal triage flow at o = 0.10. Left: all 280
children grouped by ground-truth class (TD vs. dysgraphic).
Middle: the conformal module’s output split into singleton
sets ({TD} or {pYs}, green) versus deferred sets ({TD, pYs},
amber). Right: among singletons, classifier accuracy split into
correct (green) and wrong (red); deferred cases pass through
to clinician review. Counts are averages across the 10 cross-
validation repeats. The inset shows empirical conditional
coverage by school grade against the 1 — o = 0.90 target; grade
CP uses the pooled-quantile fallback (calibration cell smaller
than the n = 10 threshold) and its CP-conditional coverage is
descriptive only.

improve referral decisions versus the simple defaults of referring ev-
eryone or referring no one? Decision curve analysis [22] addresses
this by plotting net benefit against the threshold probability p;
at which a clinician would be willing to refer. Net benefit is de-
fined as NB(p;) = TP/N —FP/N - p; /(1 — p;) and accommodates
the asymmetric costs of false positives and false negatives implicit
in any chosen threshold. We computed decision curve analysis
descriptively on the same out-of-fold predictions used for H1-H3.

Figure 5 shows the result. Across the clinically plausible thresh-
old range p; € [0.05,0.5], the two-feature LogReg-AGE+HMG clas-
sifier dominates both treat all and treat none reference strategies;
the highest-AUC 12-feature baseline tracks the two-feature curve
closely, with no consistent advantage for either. The dominance
over treat all grows rapidly as p; exceeds the empirical prevalence
(here 62/280 ~ 0.22), which is the regime relevant to a screening
setting where the clinician wants to reserve specialist evaluation
for higher-probability cases. We treat this as supporting evidence
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for clinical utility, not as a deployment estimate; net benefit on a
held-out external cohort would be needed for the latter.

Decision curve analysis (prevalence = 0.22)

| 0gReg-AGE +HMG
w== FT-Transformer-12
= = treatall

= treat none

0.201

0.154

0.104

Net benefit

0.054

0.00

—0.05 T T T T T J
0.1 0.2 0.3 0.4 0.5 0.6
Threshold probability of dysgraphia p,

Figure 5: Decision curve analysis on 10 X 5 cross-validated
out-of-fold predictions. The two-feature LogReg-AGE+HMG
classifier (red) and the highest-AUC 12-feature baseline (blue)
are plotted against the treat all (dashed) and treat none (dot-
ted) reference strategies. Both classifier curves dominate the
references across the clinically plausible threshold range.
The empirical prevalence (~ 0.22) is shown in the title.

5.6 Handwriting Age Equivalent (descriptive)

Figure 6 shows HAE versus chronological age. TD children fall
on the diagonal, with mean HAG = 0.3 months, consistent with
the inverse normative GP model being well-calibrated on the TD
population it was trained on. Dysgraphic children fall systematically
below the diagonal: their mean HAG is +11.6 months, meaning
that on average a dysgraphic child writes like a TD child who is
almost a year younger. Used as a score on its own, HAE achieves
AUC= 0.64, lower than the diagonal-covariance HMG.

Grid-boundary sanity check. HAE is estimated as the maximum of
a one-dimensional likelihood over a bounded age grid (a € [60, 144]
months). Children whose features are most consistent with ages
outside this range therefore receive a boundary HAE rather than
an unconstrained maximum-likelihood estimate.

We quantified this by reporting the per-repeat boundary-hit
rate and the proportion of children who reached a boundary in at
least one repeat. The grid boundary was reached at a mean per-
repeat rate of 10.6%. Across repeats, 81/280 children (28.9%) were at
the boundary at least once: 37/218 TD children (17.0%) and 44/62
dysgraphic children (71.0%). Boundary hits occurred at both ends
of the grid: among ever-boundary children, 27 had mean HAE < 80
months and 14 had mean HAE > 130 months; the remaining 40 hit
a boundary in some repeats but landed mid-grid in others.

The higher boundary-hit rate among dysgraphic children is in-
formative: it identifies atypical feature profiles that fall outside the
normative age range modeled here. Boundary-binding HAE values
are therefore best read as censored developmental-age summaries
rather than unconstrained maximum-likelihood estimates. This
reinforces the intended role of HAE as an interpretable clinical
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communication measure, while HMG remains the primary screen-
ing score.

Mean HAG (chrono — HAE): TD = +0.3m dys = +11.6m
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Figure 6: Handwriting Age Equivalent (HAE) versus chrono-
logical age. The dashed line is HAE = chronological age (per-
fect calibration). Dotted horizontal lines mark the HAE grid
boundaries at 60 and 144 months (see §5.6, “Grid-boundary
sanity check”). Open squares with error bars are group means
with standard errors. TD children sit on the diagonal; dys-
graphic children sit below it by an average of 11.6 months.

5.7 Per-feature normative trajectories

Figure 7 shows the per-feature GP normative trajectories under-
lying HMG. Each panel plots one of the 12 handwriting features
against age: TD training points (green dots), the GP posterior mean
and +1.960 predictive band (blue), and dysgraphic children (red
crosses). These GPs were fit on the full TD population for visual-
ization only and were not used in cross-validated analyses. The
figure shows what HMG measures: each child’s standardized ver-
tical deviation from the age-conditional TD mean, scaled by the
GP posterior standard deviation. Several features (in-air time, tilt-x
frequency, AP mean, density std, tremolo frequency) show a sys-
tematic upward shift of dysgraphic children above the upper TD
predictive band, including in older grades where TD values con-
tinue to mature. These deviations are first aggregated into HMG
and then used by the conformal module to decide whether to issue
a single-class prediction or defer.

We also report deferral rates by sex and laterality. Males (n = 152)
are deferred at 11.8%; females (n = 128) at 15.5%. Right-handed
children (n = 247) are deferred at 13.8%; left-handed children (n =
33) at 10.9%. The differences are small.

6 Conclusion

We presented a normative-modeling framework for pediatric dys-
graphia screening from digital handwriting features. The frame-
work converts binary classification into a graded severity score
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(HMG) and an empirically calibrated triage system (Mondrian split-
conformal). HMG carries information beyond chronological age,
it captures a within-group severity gradient, and the conformal
triage achieves the targeted empirical cross-validated coverage and

singleton rate. Our framework provides a clinically interpretable
score, an empirical uncertainty signal, and screening accuracy with-
out a disadvantage relative to existing 12-feature classifiers. Our
scheme offers a continuous, age-conditional representation suitable
for finer-grained clinical decisions and longitudinal tracking. Fu-
ture research directions include: external validation in independent
datasets; extension of HMG to richer stroke-level or neural-network
features; and longitudinal HMG trajectories for tracking treatment
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