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We present a subject-independent unsupervised fall detector for wearable inertial data
that requires no labeled fall samples for training or threshold calibration. The method
uses a masked Transformer encoder trained exclusively on activities of daily living (ADL),
producing two complementary scores at inference time: a masked reconstruction error
that measures how well the model recovers sensor signals, and a latent energy derived
from the class token that captures deviation in the learned representation space. Both
scores are standardized using validation ADL statistics and fused into a single anomaly
measure So; an Extreme Value Theory (EVT) model fitted on the top 5% tail of the
validation score distribution yields an operating threshold for a prescribed false-alarm rate.
Light temporal post-processing, including median smoothing, hysteresis, and a refractory
interval, converts continuous window scores to discrete event alarms. Experiments on a
29-subject inertial dataset (8,953 sessions, 100 Hz, 6 motion channels comprising triaxial
accelerometer and gyroscope) under a leave-one-subject-out (LOSO) protocol report pooled
window-level ROC-AUC of 0.985 4+ 0.008 and PR-AUC of 0.955 + 0.012 for the fused
score, exceeding both reconstruction-only and energy-only variants. At a target of 0.5
false alarms per hour, event sensitivity reaches 95.8% + 2.6% with a mean detection delay
of 1.72 4+ 0.28s. Per-subject analysis shows compact dispersion around the false-alarm
target and consistently higher sensitivity than single-cue baselines. Reconstruction MSE
remains low on ADL while rising substantially on fall windows, confirming that the multi-
objective training preserves signal recovery fidelity and supports robust anomaly scoring
across subjects.

Key words: fall detection, unsupervised anomaly detection, masked Transformer, energy-
based scoring, EVT thresholding, subject-independent evaluation (LOSO).

1. INTRODUCTION

Falls remain a leading cause of injury among the elderly. Wearable inertial sensors
enable continuous monitoring, yet most detection systems require labeled fall data for
training-data that are costly, ethically sensitive, and scarce in real-world settings [1, 2].
Supervised CNNs and RNNs achieve high within-subject accuracy but degrade under
cross-subject or cross-device conditions due to overfitting to individual motion styles [3,
4]. Unsupervised approaches that learn only from activities of daily living (ADL) of-
fer a scalable alternative, yet existing autoencoders and recurrent models struggle with
long-range temporal dependencies and lack robust thresholding mechanisms [5, 6]. Trans-
former encoders improve contextual modeling through self-attention, but their applica-
tion to fully unsupervised, subject-independent fall detection remains limited [7, §].

This work introduces a masked Transformer encoder trained exclusively on ADL
that fuses two complementary anomaly cues-masked reconstruction error and a latent

© Ursull., 2026



Ursul I.
ISSN 2078-5097. Bicu. JIbBiB. yu-ry. Cep. npuksa. mareMm. ta iud. 2026. Bun. 36 195

energy score from the class token-into a single decision variable. Extreme Value Theory
(EVT) calibrates an operating threshold on validation ADL without any fall labels,
and light temporal post-processing converts window scores to event alarms. The main
contributions are:

e A masked Transformer encoder that learns temporal and contextual dependencies
from normal activity signals without supervision.

o A dual energy-reconstruction scoring mechanism with EVT-based adaptive thresh-
olding for subject-independent anomaly detection.

e A comprehensive evaluation on a 29-subject inertial dataset under leave-one-
subject-out (LOSO), demonstrating state-of-the-art window- and event-level per-
formance.

2. LITERATURE REVIEW

Supervised and recurrent approaches. Supervised CNNs achieve high within-
subject accuracy on accelerometer-based fall detection but degrade substantially under
cross-subject conditions [1, 3]. Deep learning models for smartwatch-based fall detection,
including Bi-LSTM architectures, show significant performance drops under leave-one-
subject-out evaluation [9]. More broadly, deep models suffer precision loss across unseen
users, motivating personalization strategies [10]. Autoencoder-based approaches trained
only on normal ADL can separate falls by reconstruction error, but cross-session robust-
ness remains limited [5]. LSTM-based variational autoencoders detect elderly falls with
low false-alarm rates yet struggle with complex activities [11].

One-class and unsupervised methods. Deep SVDD defines compact hypersphere
boundaries for one-class anomaly detection but is sensitive to subtle training-set devi-
ations [2]; one-class classifiers evaluated on wearable fall sensors (including UMAFall)
require extensive tuning to balance precision and recall [4]. Masked autoencoders for
time-series learn compact representations via self-supervised reconstruction [12], and
cross-modal self-supervised learning with augmentation improves recognition on wear-
able sensor data [13, 14]. EVT-based adaptive thresholding via peaks-over-threshold
enables automatic anomaly detection without manual threshold tuning, though it as-
sumes stationary tails [6].

Transformer-based detection. Transformer encoders such as TranAD achieve
strong results on multivariate time-series anomaly detection with improved context mod-
eling [15], and attention-CNN hybrids improve precision on wearable activity recogni-
tion [16]. For fall detection specifically, an unsupervised Transformer encoder achieved
94.5% accuracy and 0.4FA/h on private inertial data but lacked score interpretabil-
ity [17]; Vision Transformers reached 96.1% recall on video-based fall datasets in con-
trolled settings [7]. Masked convolutional autoencoders on OPPORTUNITY /PAMAP2
yield F71=0.88 [18], and IMU-Trans reduces imputation MSE by 35% [19]. A compara-
tive study of Transformer variants on a 29-subject inertial dataset records near-ceiling
supervised accuracy, with barometric signals aiding classification [20], while a balanced
version of this dataset (8,953 activities) provides strong baselines for cross-subject eval-
uation [21].

Gap and motivation. Existing unsupervised methods typically rely on a single
anomaly cue (reconstruction or energy) and lack adaptive thresholding that generalizes
across subjects. No prior work combines masked Transformer reconstruction with latent
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energy scoring and EVT calibration in a unified, label-free pipeline for wearable fall
detection.

3. PROPOSED METHODOLOGY

The pipeline (Fig.1) treats fall detection as unsupervised anomaly detection: only
ADL are used for training, falls are out-of-distribution at test time. Preprocessed win-
dows feed a masked Transformer encoder followed by three task-specific output modules
(reconstruction, energy, and projection), whose objectives are optimized jointly. At in-
ference, standardized reconstruction error and energy scores are fused and thresholded
via EVT; temporal post-processing yields event alarms.
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Fig. 1. Pipeline overview: preprocessing, masked Transformer encoder with three task-specific
output modules, dual-score fusion with EVT thresholding, and temporal post-processing

3.1. PROBLEM FORMULATION

Let X € REXC be a window of L=256 samples (2.56s) from C'=6 inertial channels at
F,=100Hz. Training uses only ADL; falls are unseen anomalies at test time. We seek a
scoring function fp : REXY —Rs( producing an anomaly score

S(X) = fo(X), (1)

and a temporal decision process that maps the score sequence {S(X;)}N* to discrete
event alarms. Performance is assessed under a LOSO protocol. For each held-out subject,
parameters 6 are learned on ADL from the remaining subjects, and an operating threshold
7 is calibrated without any fall labels. The deployment objective balances false alarms
per hour (FA/h) on ADL against fall sensitivity:

r(rglin FA/h(7) s.t. Sens(7) is maximized in LOSO. (2)
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Fig. 2. Detailed architecture of the masked Transformer encoder with three task-specific output

modules. The encoder processes masked input tokens alongside a learnable class token through

N=3 Transformer blocks. Token embeddings feed the reconstruction head, while the class
embedding feeds the energy and projection heads

3.2. DATASET AND LOSO PROTOCOL

For each held-out subject s*, remaining ADL sessions are split 80/20 into training
and validation at the file level. Validation serves score normalization, fusion selection,
and EVT calibration (Section 3.8); no fall data enter training or calibration. The held-
out subject’s ADL and falls are used for testing. All preprocessing statistics derive from
training ADL only.

3.3. PREPROCESSING

Six motion channels (AccX, AccY, AccZ, GyroX, GyroY, GyroZ) at Fs=100Hz are re-
tained. Gravity is removed from accelerometer channels via a zero-phase 4"-order But-
terworth low-pass filter (f.=0.3Hz). Per-channel outliers are clipped at the [0.1,99.9]
percentiles of training ADL, followed by z-score normalization. Windows of L=256 sam-
ples (2.56s) with 50% overlap are extracted. Training-time augmentations-additive jit-
ter (¢=0.02), magnitude scaling (£[0.9,1.1]), smooth time-warp (o,=0.2), and rigid 3D
rotation (+15°, coupled across accelerometer and gyroscope) — are each applied with
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probability 0.5.

3.4. MODEL ARCHITECTURE

The core intuition behind our approach is rooted in the anomaly-detection-via-
reconstruction principle. A model trained exclusively on normal activities of daily liv-
ing (ADL) learns the statistical regularities of everyday motion patterns. When a fall
occurs—a rare, high-acceleration, out-of-distribution event — the learned representation
is insufficient to faithfully reproduce the input, resulting in elevated reconstruction error.
The model’s inability to accurately reconstruct previously unseen motion patterns there-
fore serves directly as an anomaly signal, without requiring any labelled fall examples
during training.

Reconstruction error alone, however, can be insufficient for detecting subtle anomalies
where the overall signal shape remains partially recoverable. To address this limitation,
we complement reconstruction with an energy-based score computed in the learned rep-
resentation space. The class token embedding is trained to yield low energy on normal
activities; consequently, any input that induces an unusual latent representation produces
elevated energy, even when its reconstruction error remains moderate. Fusing both scores
combines signal-level sensitivity provided by reconstruction with distributional awareness
in the feature space provided by the energy head, thereby improving robustness across
diverse fall types and severities.

The detector consists of a masked time-series Transformer encoder followed by three
task-specific output modules (reconstruction, energy, and projection). Given a window
X € REXC (L=256, C=6), the model produces (i) per-token reconstructions Xe RLXC,
(ii) a scalar energy F € R, and (iii) a low-dimensional projection p € R% for consistency
learning.

Each sample z; € R® (t = 1,...,L) is linearly projected to hy = Wiy x; + by €
R? (d=192). Following the Vision Transformer convention, a learnable class token
has € R? is prepended to the sequence; it aggregates global information and is
later consumed by the energy and projection heads. The resulting initial sequence is
Hy = [has; hi,...,hp) € R(LH)”, where the subscript 0 denotes the input to the first
Transformer block. Temporal structure is injected via per-head relative attention biases
B(m) ¢ RUADX(LAD Yy — 1 ny, where nj,=4 is the number of attention heads and
i,j € {0,...,L} index token positions, so that each bias depends only on the relative
offset (i—j).

3.4.1. MASKED TRANSFORMER ENCODER

A binary mask M € {0,1}2*¢ with masking ratio r=0.4 is sampled during training;
masked positions are replaced by zeros after input projection (channel-wise masking).
The encoder stacks N=3 pre-norm Transformer blocks (multi-head attention with relative
bias B(™) added to logits, followed by a two-layer FFN, both with GELU, dropout 0.1,
and layer normalization). The output of the final (N-th) block is Z = H®Y) ¢ R(E+1)xd
with token embeddings Z;.;, and class embedding z.s = Zp.

3.4.2. RECONSTRUCTION HEAD

A point-wise predictor maps token embeddings back to sensor space:

X = 94(Z1.1) = MLP,ee(Z1.1) € REXC, (3)
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where MLP,,. is a two-layer network (192-192—6) with GELU and dropout. Only
masked elements (according to M) contribute to the reconstruction loss.

3.4.3. ENERGY HEAD

A compact regressor maps the class embedding to a scalar energy:
E =ey(zas) = w2 o(Wizas + b1) + b € R, (4)

with hidden size 96 and dropout 0.1. During training on ADL, F is encouraged to be
small via a margin penalty (Section 3.5).

3.4.4. PROJECTION HEAD

A two-layer MLP projects zqs to p € R (dp=96). Two stochastic augmentation
views of the same window yield p™"), p(?) for a cosine consistency objective (Section 3.5).

3.4.5. SCORE OUTPUTS

At inference the model emits reconstruction error and energy F; their normalized
fusion yields S, (Section 3.7). All default hyperparameters are listed in Tabl. 1.

3.5. TRAINING OBJECTIVES

Training uses only ADL and combines three objectives: masked reconstruction, one-
class energy minimization, and augmentation consistency. For a mini-batch of Np win-
(@)

15> and masks

dows with encoder outputs Z(®, reconstructions X (), class embeddings 2
M@ (r=0.4):

Only masked elements contribute. The reconstruction loss is the mean Huber penalty
(6=1.0) over masked positions:

— (@) v ( (@)
Lrec = Z ||M(Z)H0 ZZZM P&(X —Xt,c)- (5)

i=1 t=1 c=1

Note that the denominator 3°, ||M?)||o sums all masked positions across the entire mini-
batch, so the loss is implicitly averaged over both the batch and the spatial-channel
dimensions; it does not depend on Np.

One-class energy margin, let E(*) = ew(zgs)) € R be the scalar energy for sample i.
For margin m = 1.0,

Long = Z max{0, E() —m}, (6)

which contracts ADL embeddings toward a low-energy region without requiring fall la-
bels.

Two augmented views of each window yield projections p pl2)  With temperature
7.=0.5 and {2-normalization ¢ = v/||v||2,

Ne s ti 1y s
1 &z <p(171)7p(172)> _

L:con = T X
Np

1 X8 , A
oy, 2o cos(Bp), (7)
¢i=1

which promotes invariance of the [CLS] representation to realistic sensor perturbations.
The overall unsupervised loss is a weighted sum,

ﬁ = >\I‘CC£I‘CC Jr )\cngﬁcng Jr ACOHECOnv (AYCC, )\cng; ACOl’l) = (1'07 0'57 0'2)' (8)

j
i=1 ¢



Ursul L.
200 ISSN 2078-5097. Bicu. JIbsis. yu-ty. Cep. upuksa. marem. ta ind. 2026. Bun. 36

3.6. OPTIMIZATION

The model is trained with AdamW (9pax=2x10"%, weight decay 1072, 5;=0.9,
B$2=0.999) under mixed-precision (FP16) with gradient clipping at norm 1.0. The learn-
ing rate follows linear warm-up (5 epochs) then cosine decay over 70 epochs total, with
batch size Np=128. Dropout (p=0.1) is applied throughout. Early stopping moni-
tors a composite validation criterion combining masked reconstruction loss and score-
distribution variance on validation ADL; the best checkpoint is retained for calibration.

3.7. INFERENCE SCORING

At test time, with a fixed inference mask (r=0.4), define two raw scores:

L C
Ey(X) = m Z Z M . ()?t,c - Xt,c)Qa Ey(X) = e¢(zcls(X))' (9)

t=1 c=1
Scores are z-normalized on validation ADL: Ej, = (Ex — p)/ok. The fused score is
So(X)=a B (X)+ (1 —a)Ey(X), «ac{0.250.5,0.75}. (10)

The coefficient « is selected on validation ADL via a label-free score-concentration sur-
rogate.

3.8. THRESHOLD CALIBRATION VIA EXTREME VALUE THEORY

From validation ADL scores Syai, set u at the 95th percentile and fit a GPD to
exceedances Y; = So(X;) —u > 0:

—-1/¢
Fiy)=1-(1+€2) 7, y>0,0>0, (1)

where (§,0) are estimated by maximum likelihood. For target FA/h ~, the per-
window exceedance probability is pwin = 7/v with v ~ 2812 windows/h (hop H=128,
F;=100Hz). The operating threshold is

T:’LL+F71(].*pWin):U+%|:(]-*pwm)7§*1]a (12)

and is fixed for the held-out subject in the current LOSO fold. No fall data are used in
fitting (£, o) or selecting u.

3.9. TEMPORAL POST-PROCESSING

The score stream is median-smoothed (K'=>5 windows), then passed through hysteresis
(Thigh=T, Tlow=0.97) to suppress chatter, and a refractory interval of ~6 windows merges
contiguous alarms into single events.

3.10. EVALUATION METRICS

Window-level: ROC-AUC and PR-AUC. Event-level: sensitivity, FA /h, and detection
delay. All reported as LOSO mean+std.



Ursul I.

ISSN 2078-5097. Bicu. JIbBiB. yu-ry. Cep. npuksa. mareMm. ta iud. 2026. Bun. 36 201

4. EXPERIMENTAL SETUP

Experiments use the 29-subject inertial dataset (8,953 sessions at 100 Hz, 6 motion
channels) [22]. Training ran on a single GPU (24 GB VRAM) with Python 3.10, Py-
Torch 2.3, CUDA 12.1, and deterministic seeding. The LOSO protocol, preprocessing,
scoring, EVT calibration, and temporal post-processing follow Sections 3.2-3.9; Tabl. 1
consolidates all hyperparameters. Each fold produced a reproducibility manifest (split

indices, normalization statistics, EVT parameters, and model checkpoint).

Table 1
Hyperparameters
Category Value Category Value
Sampling rate F 100 Hz Window length L 256 samples
Hop H 128 samples Overlap 50%
) 0.3 Hz (4th-order,
Channels C 6 (Acc, Gyro) Gravity cutoff zero-phase)
Normalization z-score (train-ADL | oy gjier clip [0-1, 99:9]_
stats) percentiles
Augment: jitter o,  0.02 Augment: scale s U[0.9,1.1]
e +15° (shared
Augment: time- . :
WATD T 0.2 Augment: rotation Ace/Gyro)
model 192 Heads npeads 4
Layers N 3 Dropout 0.1
Mask ratio r 0.4 Proj dim d, 96
. Epochs (quick / 1
Batch size N 128 0/70
prod)
Warm-up (quick / 2/5 4
pI‘Od) epochs LR peak TImax 2 x 10
Optimizer AdamW Weight decay 1072
. AMP FP16
Grad clip 1.0 Precision (scale 2'%)
Loss weights .
e, Aeng, Acon) (1.0,0.5,0.2) Fusion a {0.25,0.5,0.75}
EVT tail q 0.05 Target FA/h ~ 0.5
Postproc median K 5 windows Hysteresis low 0.97
Refractory ~ 6 windows RNG seed 42

5. RESULTS AND ANALYSIS
Each LOSO fold trained on 198.84+1.8 ADL files (47,699+443 windows); held-out

subjects contributed 1.074£0.19h ADL and 97.2+11.3 fall sessions.

7=3.94£0.06.

5.1. WINDOW-LEVEL PERFORMANCE

The fused S, achieves the highest ROC-AUC (0.985+0.008) and PR-AUC (0.955
+0.012; Fig.3, Tabl.2), reflecting complementary cues: reconstruction-only underper-
forms at low FPR, energy-only loses precision at high recall.

EVT threshold:
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Fig. 3. Pooled window-level ROC (left) and PR (right) curves for the three scoring variants

5.2. BASELINE COMPARISON AND EVENT-LEVEL DETECTION

At v=0.5FA /h (Tabl. 2, Fig. 4), the fused S, raises sensitivity by 4.6 pp over reconst-
ruction-only and reduces delay by 0.63s.

Table 2
Window- and event-level metrics for all scoring variants (LOSO
mean =+ std, target v=0.5FA /h)

Method ROC-AUC PR-AUC Sens. (%) FA/h Delay (s)

Recon-only (Ey)  0.972+0.015 0.908 £0.018 91.2+3.7 0.5 2.35+0.40

Energy-only (E3) 0.963+0.017 0.895+0.020 89.6+4.2 0.5 2.58+0.45

Fused (Sa) 0.985+0.008 0.955+0.012 95.8 £2.6 0.5 1.72+£0.28
4.4
4.3
8-4.0

Fig. 4. Sensitivity vs. FA/h (LOSO). Vertical line: target v=0.5
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5.3. PER-SUBJECT ANALYSIS

Per-subject results (Fig.5) cluster near the target; outliers coincide with vigorous
ADL or weak-impact falls. Fused FA /h dispersion (0.50+0.09) is tighter than single-cue
variants (0.52-0.53+0.11-0.12).

}

-
-~

I

{

e
S—T

—
——

}

e
[

Fig. 5. Per-subject sensitivity and FA /h at the calibrated operating point (LOSO).
Bars: sensitivity; line: FA/h

5.4. RECONSTRUCTION ERROR AND FUSION COEFFICIENT

Reconstruction MSE (Tabl. 3) rises from ADL-val (0.0091) through ADL-test to Fall-
test (0.0362), confirming OOD sensitivity. Multi-objective training preserves reconstruc-
tion fidelity while improving anomaly separation.

Table 3

Masked reconstruction MSE per split (LOSO mean + std)

Method
Recon-only (E)
Fused (Sq; recon head)

ADL-val ADL-test Fall-test

0.0103 £0.0012 0.0128 £0.0015 0.0396 £ 0.0041
0.0091 £0.0011 0.0116 +0.0014 0.0362 £ 0.0038

Tabl. 4 shows « € [0.50,0.75] is optimal; a=0.50 is the default.

Table 4
Effect of fusion weight o (LOSO mean =+ std)

o ROC-AUC PR-AUC Sensitivity (%)  Delay (s)

0.25 0.9754+0.009 0.938 +0.013 93.8£3.1 1.92+0.31
0.50 0.982+£0.008 0.947 +0.012 95.6 £2.7 1.78 £0.29
0.75 0.980+£0.008 0.944 +0.012 95.2£2.8 1.74 +£0.30

6. CONCLUSION

We introduced a subject-independent unsupervised fall detector combining masked
Transformer encoding with dual energy-reconstruction scoring, EVT thresholding, and
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temporal post-processing. On 29 LOSO subjects the fused score raised sensitivity and
reduced delay over single-cue baselines while maintaining stable per-subject FA /h. Multi-
objective training improved anomaly separation without degrading reconstruction. The
pipeline requires no fall labels and suits deployment where annotation is scarce.

Limitations. Evaluation uses a single lab dataset with simulated falls; real-world
kinematics may differ. Comparisons are limited to internal ablations — external baselines
(Deep SVDD, LSTM-AE) on the same corpus would strengthen claims. No computa-
tional profiling is reported. EVT calibration assumes stationary ADL tails, which may
weaken under long-term drift.

Future work will target on-device inference, cross-dataset transfer, comparison with
established unsupervised baselines, multi-sensor fusion beyond IMU, and online adapta-
tion to long-term drift.

Funding. No external funding was received for this research.
Conflict of interest. The author declares no conflict of interest.
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HE3AJIEXKHE BIJIl CYB’€KTA BUABJIEHHS IIAJIIHb
BE3 YUUTEJIA 3A JOIIOMOI'OIO MACKOBAHUIX
TPAHC®OPMEPIB TA OIITHIOBAHHS HA OCHOBI

EHEPTIIi PEKOHCTPVKIIIi

1. ¥Ypcyn

Jveiecorutl Hayionarvrud yrisepcumem imens leana Pparka,
sya. Yuieepcumemenka 1, JIveis, 79000, Yxpaina,
e-mail:  wan.ursul@lnu.edu.ua

IIpencraBieno He3asnekHHI Bim cy0’eKTa JeTeKTOp MajliHb 0e3 yduTesss JJisd HOCH-
MHX iHepIiaJbHUX JgaHuX. Meroj BUKOPUCTOBYE MACKOBAHUU TPAHCHOPMEP-KOLYBAJIb-
HUK, HATPEHOBAHUI BUKJIIOYHO HA HOBCAKAEHHHX akTuBHOCTAX (ADL), 3 ABOMA OmiHKaMu
Ha eTami 3aCTOCYBAaHHS MOJENi: TOMUJIKOI MAaCKOBAHOI PEKOHCTPYKIII Ta HTPUXOBAHOIO
eHepriero kKjgacoBoro mapkepa. OIiHKM CTaHIAPTU3YIOTHCS 3a KOHTpoabHuMu ADL i
06’€ THYIOTBCS K Sq; MOJeNb eKcTpeManbuux 3uavens (EVT), nobyxosana na Bepxuix 5%
XBOCTa PO3IO/IiJly, BU3HAYAE Onepaliiauil nopir mist pikCcoOBaHOro piBHSI XUOHUX TPUBOL.
IIpocTa wacoBa mocToOpoOKa (MeIiaHHEe 3IJIAKyBaHH:, ricrepesuc, pedpakrepHuil iH-
TepBaJI) MEepPEeTBOPIOE OniHku y BusBieHi noxil. Excnepuventn ma mabopi 3 29 cy6’exriB
(8953 cecii, 100 I'y; 6 kanais pyxy) 3a IPOTOKOJIOM BHKJIIOUEHHS 01HOro cy6’ekra (LOSO)
nokaszanu o6’egaannit ROC-AUC 0,985+0,008 Ta PR-AUC 0,9554+0,012 g1 kom6iHOBaHOT
OI[IHKH, IO TIEPEBUIINYE BapiaHTHU JIWIIE 3 PEKOHCTPYKIiE€ abo jumie 3 eHepriero. Ilpm
ninpoBoMy piBHI 0,5 XHOHUX TPUBOT HA TOAWHY UYTIUBICTH BUSBIEHHS NOJI# CTAHOBUTDH
95,8%+2,6% i3 cepeaunoro 3aTpumkoro 1,7240,28 c. AnaJiz okpemux cy6’€KTiB JEMOHCTDPYE
KOMITAKTHUU PO3KHUJ HABKOJIO IiJILOBOTO PiBHA XUOHUX TPHUBOTI Ta BHUILY UYTJIUBICTH MMOpPIiB-
HSIHO 3 BapiaHTaM¥ Ha OCHOBI OJHOTO MOKa3HUKA. [lOMUJIKA PEKOHCTPYKILT 3a/IMIIAETHCS
un3pKoio Ha ADL i 3pocrae Ha magiHHAX, IO TiATBEPAXKYE 30€peKeHHs IKOCTI BiJHOBJIEHHS
CHI'HAJLY T IPUIATHICTD JJIsi OLIHIOBAHHS aHOMaJIil. 3anponoHOBaHuil 11ijxijg He noTpebye
MITOK HaiHb JJIsT HABYAHHS U1 KaJIiOpyBaHHs.

K 104081 €A060: BUSIBJIGHHS IQ/1iHb, BUSIBJICHHST AHOMAJIi# 6€3 y<InTesist, MaCKOBAHUI TPAHC-
dopMep, eHepreTUYHE OLiHIOBAHHS, TOporose Kanaiopysauua EVT, mixkcyb’ekTHe y3araib-
merns (LOSO).



