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Abstract

Navigation impairments emerge early in Alzheimer’s disease, but assessments targeting these
deficits remain underutilised or impractical for cognitive screening, The Spatial Performance
Assessment for Cognitive Evaluation (SPACE) is a digital tool that evaluates spatial navigation
deficits associated with cognitive impairment. In a memory clinic and community cohort (n =
300), SPACE accurately discriminated across Clinical Dementia Rating levels with higher
accuracy than models including demographic variables. Including SPACE significantly increased
the AUC for distinguishing normal cognition from mild impairment (0.76 to 0.94), normal
cognition from moderate impairment (0.79 to 0.95), and very-mild from mild (0.70 to 0.91), all
with high sensitivity and specificity. A short version of SPACE (< 11 mins) reduced administration
time by 40% while maintaining high diagnostic accuracy. All models were confirmed through
cross-validation. These findings highlight the potential of digital navigation assessments to
advance early detection, contributing to scalable and accessible healthcare.
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Introduction

Dementia affects approximately 55 million people worldwide, and this number is projected to
reach 150 million by 2050". The global economic burden of dementia is estimated at $16.9
trillion, imposing substantial financial and social strain on individuals, families, and healthcare
systems®. Alzheimer’s Disease (AD) is the leading cause of dementia and is characterised by
progressive cognitive decline. AD typically unfolds across distinct stages, from Mild Cognitive
Impairment (MCI), where subtle memory and navigation difficulties emerge, to moderate and
severe stages characterised by profound impairments in multiple cognitive domains, including
memory, spatial orientation, and daily functioning®*3. Identifying individuals with MCI provides
an opportunity to delay disease progression through targeted interventions™ .

Episodic memory impairments have long been the hallmark of MCI and AD, forming the
cornerstone of diagnostic criteria. Current neuropsychological assessments typically focus on
the detection of memory deficits alongside impairments in other cognitive domains (e.g,,
attention, executive function). These assessments, however, are often only capable of detecting
AD after significant neurodegeneration has already occurred. As a result, most diagnoses are
made when the disease has progressed to a more severe stage in which interventions are less
effective™?. While blood biomarkers simplify early detection compared to Positron Emission
Tomography (PET) and Cerebrospinal Fluid (CSF) methods, their reliance on clinic-based
sampling and interpretation does not fully overcome the limitations of in-clinic, late-stage
diagnosis.

The early stages of AD are characterised by neurodegenerative changes in the hippocampus and
the entorhinal cortex, including neuronal loss as well as the accumulation of amyloid-beta (AB)
peptides and phosphorylated tau (p-tau) protein™". Critically, these subcortical regions also play
an essential role in coding spatial information in the environment' and in assisting individuals to
keep track of changes in position and orientation during navigation. Indeed, an accumulating
body of evidence from real-world?*? and Virtual Reality (VR)**2® studies has identified spatial
navigation deficits as a promising marker of genetic risk for sporadic AD (APOE e4-carriers)** ™
and a reliable means of distinguishing individuals across the spectrum of cognitive
impairment™*2, Here, experimental paradigms that require individuals to learn and recall the
configuration of landmarks in an environment (i.e. cognitive mapping)***"**, maintain orientation
and track self-motion (i.e. path integration)??234 as well as infer landmark positions from
different viewpoints (i.e. perspective taking)*=¢ have all exhibited sensitivity to early cognitive
impairment. Among these tasks, path integration deficits have been consistently associated with
hippocampal?®?* and entorhinal cortex?**° atrophy, along with reduced activity of these brain
areas-,

Advances in digital technologies have enabled the development of scalable, gamified, spatial
navigation assessments that offer engaging®, ecologically valid®, and accessible tools for early
cognitive screening® . Such digital platforms offer remote deployment, reducing reliance on
specialised clinical settings and costly visits, while enabling continuous monitoring of disease
progression”34243, Despite strong theoretical and empirical support for spatial navigation as an
early marker of cognitive decline, most existing tools have yet to be validated against a gold
standard diagnosis. As a result, few, if any, digital navigation tools have made the transition into
clinical practice, representing a missed opportunity for early detection and intervention.
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In this study, we investigate whether the Spatial Performance Assessment for Cognitive
Evaluation (SPACE)*, deployed on a tablet-based platform (i.e. iPad), can discriminate between
patients with various levels of cognitive impairment, as independently assessed by clinicians
using the Clinical Dementia Rating (CDR) scale. SPACE assesses spatial navigation abilities
through five tasks, including path integration, egocentric pointing, mapping, associative
memory, and perspective taking. The different tasks in SPACE require participants to navigate a
virtual environment, keep track of their position and orientation, reconstruct spatial layouts,
recall object-location associations, and estimate spatial relationships from various perspectives.
We assessed 300 individuals referred from memory clinics to examine the diagnostic ability of
SPACE in discriminating their levels of cognitive impairment as measured by the CDR.

Results

Group differences in spatial navigation performance

Table 1| Sample characteristics. Demographic breakdown of the sample by age, gender, education level, and CDR status.

Gender N Mean SD Minimum Maximum
Age Male 124 74 7.02 53 89

Female 176 75 6.13 61 89

Level N Percentage
Education No formal education 13 4%

Elementary school 39 13%

Middle school 100 33%

High school 68 23%

University 80 27%
CDR Normal (cnr-0) 153 51%

Very-mild nr-05 96 32%

Mild (enr-1y 34 1%

Moderate (cnr-2) 14 5%

Severe (cnr-3) 3 1%

We performed robust ANOVAs to assess differences in spatial navigation performance in a
cohort of 300 participants (Table 1) across four CDR groups (0 = normal cognition; 0.5 = very-
mild impairment; 1 = mild impairment; 2 = moderate impairment, 3 = severe impairment) for each
of the tasks in SPACE (Table 2). Results revealed significant CDR group differences in training
time (F, 206) = 14.7, p < 0.001, & = 0.657), path integration distance error (Fg, 206 = 7.0, p = 0.004, § =
0.587), and perspective taking error (Fg 206 = 11.0, p < 0.001, & = 0.51). No significant group
differences were observed for egocentric pointing error (Fs 296 = 2.61, p = 0.101) or mapping
accuracy (F 200 = 1.33, p = 0.291). Due to the small number of participants with a CDR score of 3
(n = 3), the moderate and severe impairment groups were combined for analysis. Excluding these
three participants with CDR = 3 and rerunning the analysis yielded comparable results,
indicating that their inclusion did not influence the result of the ANOVA (Supplementary Table 1).

Post-hoc comparisons revealed that participants with normal cognition completed the training
phase significantly faster than those with very-mild (p = 0.022), mild (p < 0.001), and moderate
impairment (p < 0.001). The very-mild group was also significantly faster than both the mild (p =
0.001) and moderate groups (p < 0.001). Finally, participants with mild impairment were faster
than those with moderate impairment (p = 0.022). For path integration distance error,
participants with normal cognition performed significantly better than those with mild (p <
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0.001), but not better than those with very-mild impairment (p = 0.44). Participants with very-
mild also outperformed those with mild impairment (p < 0.001). For perspective taking error,
participants with normal cognition performed significantly better than those with mild (p <
0.001) and moderate impairments (p < 0.001) but did not differ from those with very-mild
impairment (p = 0.572). Participants with very-mild impairment also outperformed those with
mild (p < 0.001) and moderate impairments (p < 0.001). No differences emerged between
participants with mild and moderate impairments (p = 0.476).

Table 2 | Group differences in SPACE task performance by CDR scale levels. ANOVA results and post-hoc comparisons for
SPACE performance metrics across clinical groups, with effect sizes and bootstrap confidence intervals.

ANOVA
Dependent Variable F p  Variance Explained ES (£)
Training time 14.7 <.001 0.432 0.657
Path integration error 7 0.004 0.345 0.587
Pointing error 2.61 0.101 0.145 0.381
Map R* 1.33 0.291 0.065 0.256
Perspective taking error 11 <.001 0.26 0.51
Post-hoc comparisons
Group 1 Group 2 psi-hat p LowerCl UpperClI
Training time Normal Very-mild -14.6 0.022 -33.5 2.52
Normal Mild -50.4 <.001 -85.3 -23.28
Normal Moderate -102.8 <.001 -152.7 -50.17
Very-mild Mild -35.8 0.001 -71.5 -5.17
Very-mild Moderate -88.3 <.001 -140.4 -35.55
Mild Moderate -52.5 0.022 -109.3 7.76
Path integration error Normal Very-mild -7.57 0.44 -315 15.9
Normal Mild -89.35 <.001 -156.5 -37.4
Very-mild Mild -81.78 <.001 -146.5 -27.8
Pointing error Normal Very-mild -1.67 0.55 -7.87 4.77
Normal Mild -13.23 0.03 -24.82 1.51
Very-mild Mild -11.56 0.058 -24.33 3.54
Map R? Normal Very-mild 0.013 0.826 -0.128 0.150
Normal Mild -0.134 0.168 -0.304 0.101
Very-mild Mild -0.147 0.151 -0.333 0.098
Perspective taking error Normal Very-mild -1.67 0.572 -9.76 5.91
Normal Mild -14.9 <.001 -24.5 -6.24
Normal Moderate -18.28 <.001 -32.51 -7.43
Very-mild Mild -13.22 <.001 -23.06 -4.55
Very-mild Moderate -16.61 <.001 -31.07 -5.64
Mild Moderate -3.38 0.476 -17.42 8.85

Note: Bootstrap method, modified one-step estimator, 5000 samples, projection distances
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Diagnostic classification performance

We conducted logistic regression analyses to evaluate the diagnostic utility of the SPACE
measures that showed significant effects in the previous ANOVAs (i.e. training, path integration,
and perspective taking). These analyses aimed to classify participants across CDR stages by
comparing between diagnostic groups. Here, we compared baseline models that included
demographic variables (i.e. age, education, and gender) to models that additionally incorporated
the significant SPACE metrics. We assessed improvements in model fit using likelihood-ratio
tests (see Table 3 and Supplementary Table 2 for full model statistics) and evaluated
classification accuracy using the Area Under the Curve (AUC), sensitivity, and specificity.

Table 3 | Model fit and classification performance. Comparison of model fit and predictive accuracy for distinguishing clinical
groups, with and without the inclusion of SPACE measures.
Overall Model Test Predictive measures

Upp Low Opt

Model Dev AIC  Brier MCC RN X2 df P AUC L a Cutoff Sens Spec  Acc
Normal vs. Very-mild

Age, Edu, Gender 300 314 0.23 0.14 0.02 353 6  0.739 0.57 0.50 0.64 0.39 0.40 075  0.62

+ SPACE 295 315 0.22 0.27 0.05 841 9 0.493 0.61 0.53 0.69 0.40 0.47 0.79 0.67
Normal vs. Mild

Age, Edu, Gender 1034 1174 0.13 0.37 0.17 15.4 6 0.017 0.76 0.68 0.84 0.19 0.74 0.71 0.72

+ SPACE 68.7 88.7 0.07 0.62 0.51 50.1 9 <001 0.94 091 098 011 1.00 0.85  0.86
Normal vs. Moderate

Age, Edu, Gender 86.6 1006 0.08 0.36 0.23 193 6  0.004 0.79 071 0.88 01 094 0.65 0.68

+SPACE 51.2 69.2 0.05 0.59 0.59 547 8 <001 0.95 091 099 0.09 094 088 088
Very-mild vs. Mild

Age, Edu, Gender 89.8 103.8 0.18 0.31 0.13 8.25 6 0.220 0.70 0.60 0.79 0.20 0.74 0.59 0.62

+SPACE 56.9 76.9 0.09 0.60 054 4114 9 <001 0.91 0.86 097 011 0.95 0.73 0.77
Very-mild vs. Moderate

Age, Edu, Gender 74.3 88.3 0.1 0.41 026 172 6  0.008 0.80 0.69 0.89 0.16 0.88  0.68 0711

+ SPACE 52.8  70.8 0.07 0.59 0.52 387 8 <001 0.91 0.85 0.98 0.18 0.88 0.85 0.86
Mild vs. Moderate

Age, Edu, Gender 491 63.1 0.18 042 031 120 6  0.061 0.76 0.60 0.89 0.30 0.82 062 0.69

+ SPACE 44 62 0.15 0.62 0.42 17.11 8 0.029 0.83 0.69 0.97 0.45 0.69 0.91 0.83

Note: Model - predictors included (demographics only vs. demographics + SPACE); Dev = deviance; AIC = Akaike Information Criterion; Brier = Brier score;
MCC - Matthews Correlation Coefficient; R2N = Nagelkerke’s R? x? = model chi-square; df = degrees of freedom; p = significance; AUC - area under the ROC
curve; Upp CI / Low CI = 95% confidence interval; Opt Cutoff - optimal threshold (Youden index); Sens - sensitivity; Spec = specificity; Acc = accuracy.

Incorporating SPACE measures improved model performance for all diagnostic contrasts except
for normal vs. very-mild (Figure 1). Importantly, these measures improved classification not only
for moderate impairment but also for early stages, including very-mild to mild cognitive
impairment (Tables 3 & 4). Comparison between normal cognition and very-mild impairment
produced the smallest improvements. Here, the demographic model yielded an AUC of 0.57, with
sensitivity of 0.40 and specificity of 0.75. Adding SPACE raised the AUC slightly to 0.61(pverong =
0.256), sensitivity to 0.47 and specificity to 0.79, but this change was not statistically significant
(Ax? = 4.88, p = 0.181). Greater improvements were achieved for all the other five models. As
expected, the addition of SPACE to contrasts involving the moderate impairment group resulted
in considerable gains in diagnostic performance. More importantly, however, for the comparison
between normal cognition and mild impairment, the demographic model achieved an AUC of
0.76, with sensitivity of 0.74 and specificity of 0.71. Critically, adding SPACE significantly
improved model fit (Ax? = 34.7, p < 0.001), increasing the AUC to 0.94 (Poerong < .001), sensitivity to
1.00, and specificity to 0.85. Of similar clinical importance was the differentiation between very-
mild to mild impairment, where the demographic model produced an AUC of 0.70, with
sensitivity of 0.74 and specificity of 0.59. Again, the addition of SPACE significantly improved the
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model (Ax? = 32.9, p < 0.001), increasing the AUC to 0.91 (Pperong <.001), sensitivity to 0.95 and
specificity to 0.73.

Normal vs Mild Normal vs Moderate

Normal vs Very-mild

1.00 1.00 1.00

0.75 0.75 0.75

0.50 0.50 0.50
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Figure 1 | Receiver Operating Characteristic (ROC) curves comparing pairwise classification performance across contrasts
between cognitive stages: Dem (sociodemographic variables, blue), SPACE (performance on training, path integration, and
perspective taking tasks, red) and Total (Dem + SPACE, orange). When the moderate group was included in the comparison, the
SPACE models excluded the path integration task, as only two participants in this group completed it. AUC values and 95%
confidence intervals (CI) are reported for each model. Cutoff values reflect optimal thresholds based on the Youden Index. The
diagonal dashed lines indicate chance-level performance.

Table 4 | Contribution of SPACE measures to model fit. Likelihood ratio tests comparing baseline demographic models to
extended models including SPACE measures across clinical group contrasts.

Model Comparison Ay? df P PDeLong

Normal vs. Very-mild
Age, Edu, Gender 4.88 3 0.181 0.256
+ SPACE

Normal vs. Mild
Age, Edu, Gender 34.7 3 <.001 <001
+ SPACE

Normal vs. Moderate
Age, Edu, Gender 354 2 <.001 <.001
+ SPACE

Very-mild vs. Mild
Age, Edu, Gender 32.9 3 <.001 <001
+ SPACE

Very-mild vs. Moderate
Age, Edu, Gender 21.5 2 <.001 0.001
+ SPACE

Mild vs. Moderate
Age, Edu, Gender 5.07 2 0.079 0.138

+ SPACE
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Cross-validation performance

To further evaluate the classification performance of SPACE, we performed stratified k-fold
cross-validation (k = 10) and Leave-One-Out Cross-Validation (LOOCV) for each of the contrasts
(Table 5). In both analyses, SPACE retained high diagnostic accuracy across most group
comparisons. As expected, classification between normal cognition and very-mild impairment
produced the weakest results. However, performance remained strong in all other clinically
relevant contrasts. For distinguishing normal cognition from mild impairment, k-fold cross-
validation produced an AUC of 0.87 with sensitivity of 0.79 and specificity of 0.83. LOOCV yielded
similar results with an AUC of 0.85, sensitivity of 0.79, and specificity of 0.82. For the comparison
between very-mild and mild impairment, k-fold cross-validation produced an AUC of 0.80, with
sensitivity of 0.74, and specificity of 0.75. LOOCV obtained an identical AUC of 0.80, sensitivity of
0.63, and specificity of 0.75. Importantly, in the comparison between normal cognition and
moderate impairment, k-fold cross-validation and LOOCV reached AUCs of 0.89 and 0.88
respectively, with sensitivity higher than 0.69 and specificity above 0.86 in both cases.

Table 5 | Cross-validation performance of SPACE-based models. Classification accuracy of SPACE models across clinical groups
using K-fold and LOOCV, reporting AUC, sensitivity, and specificity.

Cross Validations
Outcome K-fold Leave One Out

AUC LowCl UppCI Sens Spec AUC LowCl UppCI Sens Spec
Normal vs. Very-mild ~ 0.50 0.42 0.59 039 0.67 0.52 0.44 0.60 031 0.68
Normal vs. Mild 0.87 0.77 0.97 079 0.83 0.85 0.75 0.96 079 082
Normal vs. Moderate 0.89 0.81 0.97 0.69 0.86 0.88 0.80 0.96 075 0.87
Very-mild vs. Mild 0.80 0.69 0.92 074 075 0.80 0.68 0.92 063 075
Very-mild vs. Moderate 0.84 0.74 0.94 0.63 0.84 0.84 0.74 0.94 0.63 0.82
Mild vs. Moderate 0.71 0.54 0.88 0.56 0.88 0.67 0.49 0.84 050 0.84

Short SPACE

On average, participants took 281 seconds to complete the SPACE training, 465 seconds for path
integration, and 386 seconds for perspective taking tasks. A repeated measures ANOVA revealed
significant differences in time to completion for these tasks (Fi 498 = 75.28, p < 0.001, n?p = 0.232).
Participants completed the training phase significantly faster than both the path integration and
perspective taking tasks. Additionally, participants were faster at completing the perspective
taking task than the path integration task. All Bonferroni post-hoc comparisons were significant
(Dsongorroni < 0.001),

Table 6 | Classification performance of the short SPACE version (sSPACE). Predictive performance of sSPACE models using K-
fold and LOOCV procedures across clinical group comparisons.

Cross Validation - sSSPACE

K-fold LOOCV
Outcome AUC Sens Spec AUC Sens Spec AUC Sens Spec
Normal vs, Very-mild 0.61 0.49 0.72 0.48 0.39 0.69 0.51 0.39 0.63
Normal vs. Mild 0.91 0.91 0.81 0.88 0.84 0.75 0.87 0.88 0.76
Normal vs. Moderate 0.95 0.94 0.88 0.89 0.69 0.86 0.88 0.75 0.87
Very-mild vs. Mild 0.82 0.84 0.78 0.75 0.59 0.75 0.75 0.56 0.75
Very-mild vs. Moderate 0.91 0.88 0.85 0.84 0.63 0.84 0.84 0.63 0.82

Mild vs. Moderate 0.83 0.69 0.91 0.71 0.56 0.88 0.67 0.50 0.84
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To assess whether a more time-efficient and user-friendly version of SPACE could also
effectively discriminate between CDR stages, we repeated the classification analyses using only
the training phase and perspective taking task (Table 6). In this short version of SPACE (sSPACE),
which required only an average of 667 seconds, stratified k-fold cross-validation for the normal
vs. very-mild contrast yielded an AUC of 0.61 (sensitivity = 0.49, specificity = 0.72). Again, the
clinically relevant normal vs. mild impairment contrast resulted in an AUC of 0.91, (0.91, 0.81),
while the very-mild vs. mild comparison yielded an AUC of 0.82 (0.84, 0.78). Since the models
with the moderate group did not include the path integration task, contrasts for sSSPACE were
limited to the normal, very-mild, and mild groups (Figure 2).
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Figure 2 | ROC curves for the short version of SPACE (sSPACE). ROC curves showing the classification performance of sSPACE
(comprising only the training and perspective taking tasks) for three contrasts: normal vs. very-mild, normal vs. mild, and very-
mild vs. mild levels of impairment.

Discussion

We developed a tablet-based spatial navigation assessment (SPACE) and tested it in a clinical
cohort of 300 individuals diagnosed with varying levels of cognitive impairment using the CDR
scale. SPACE improved classification performance beyond demographic models across most
group comparisons, including normal cognition vs. mild and moderate impairments, and very-
mild vs. mild and moderate impairments. Classification accuracy was consistently high across
these comparisons, with AUCs ranging from 0.91 to 0.95, sensitivities from 0.88 to 1.00, and
specificities from 0.73 to 0.88. SPACE maintained high accuracy even when distinguishing
between adjacent early stages, highlighting its potential for detecting subtle cognitive changes
across various clinically diagnosed stages. We also evaluated a shorter version of SPACE
(sSPACE), designed for rapid clinical screening and unsupervised deployment at home and in
community settings. In under 11 minutes, sSPACE retained diagnostic accuracy comparable to
the full version. Cross-validation analyses confirmed the reliability and robustness of these
models, further highlighting their suitability for scalable cognitive screening. Altogether, these
findings underscore the importance of incorporating spatial navigation tests into cognitive
assessments and their sensitivity for detecting subtle differences in cognitive status.

While demographic models alone were able to achieve modest classification performance, the
inclusion of SPACE consistently improved model accuracy, sensitivity, and specificity across all
diagnostic contrasts, although gains were not significant when comparing normal cognition vs.
very-mild impairment and mild vs. moderate impairment. As expected, SPACE increased the AUC
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for the model distinguishing normal cognition vs. moderate impairment (AUC increase from 0.79
to 0.95), and when distinguishing very-mild vs. moderate impairment (AUC increase from 0.80 to
0.91). Across both of these contrasts, sensitivity and specificity remained high, ranging from 0.88
to 0.94, and 0.85 to 0.88, respectively. Notably, there was also a substantial improvement when
differentiating normal cognition vs. mild impairment (AUC increase from 0.76 to 0.94) and very-
mild vs. mild impairment (AUC increase from 0.70 to 0.91). Here, we also observed substantial
gains in both sensitivity and specificity. For the contrast between normal cognition vs. mild
impairment, sensitivity increased from 0.74 to 1.00 and specificity from 0.71 to 0.85. Similarly, for
the contrast between very-mild vs. mild impairment, sensitivity rose from 0.74 to 0.95 and
specificity from 0.59 to 0.73.

Critically, these findings were validated using stratified 10-fold cross-validation and LOOCYV,
with both methods yielding similarly high AUCs, sensitivity, and specificity across most
contrasts. Previous research has shown that performance on virtual cognitive mapping tasks,
and not episodic memory, can predict disease progression from normal cognition to impairment
on the CDR, with reported diagnostic accuracy of AUC = 0.86?". Recently, an unsupervised mobile
app focusing on episodic memory demonstrated promising cross-validated performance in
distinguishing mild cognitive impairment from unimpaired individuals in memory clinic settings,
with an AUC of 0.83, increasing to 0.87 when based on multiple sessions®. Building on this
evidence, we show that a tablet-based spatial navigation test battery is able to achieve
comparable or superior classification accuracies (AUCs = 0.94-0.95), confirmed through cross-
validation, both for detecting mild and moderate impairments. Importantly, deficits in spatial
navigation appear to be an excellent marker for discretising subtle clinical stages such as those
from very-mild to mild cognitive decline. These results underscore the potential of spatial
navigation assessments for complementing established memory-based tools.

SPACE classification performance for normal vs. very-mild impairment and mild vs. moderate
impairment was modest. This result is likely due to a small overlap between the clinical
classification of these disease stages, rather than a limitation of the navigation tests
themselves®. The CDR classification between very-mild impairment and cognitively normal (CDR
= 0.0-0.5) is based on the detection of subtle cognitive deficits, mainly relying on memory
performance during the interview. In fact, previous investigations have sometimes sidestepped
this challenge by simply combining the classifications of very-mild and mild impairment*®*’ or by
completely omitting one of the categories*. In future, additional metrics (e.g. imaging and fluid
biomarkers, APOE status, modifiable risk factors) could be administered together with SPACE to
improve the efficacy of identifying the extremely subtle differences between disease stages®.
However, even when addressing these marginal comparisons, SPACE consistently improved
model performance compared to sociodemographic variables alone.

To address the challenges associated with typical, costly clinical assessments, it is critical that
novel tools deliver efficient, scalable, and user-friendly digital solutions that can be deployed in
community-based or other unsupervised screening contexts. By focusing on two of the most
discriminatory tasks (i.e. training time and perspective taking), SSPACE considerably reduced the
overall administration time (to < 11 min) of the full SPACE battery while maintaining strong
diagnostic accuracy. Notably, our results revealed that sSPACE achieved AUCs of up to 0.91 in
distinguishing cognitively normal participants from those with mild impairment, and 0.82 for
differentiating very-mild from mild impairment. These values compare favorably to recent digital
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drawing tests such as PENSIEVE-AI, which reported an AUC of 0.93 for distinguishing cognitively
normal individuals from those with MCI/dementia in a large community sample®°. Critically, the
study grouped MCI and dementia cases together, and did not report classification performance
for adjacent distinctions, such as between cognitively normal participants and MCI only. In
addition, PENSIEVE-AI still requires some degree of supervision for more impaired cases and
depends on a stylus-enabled tablet, which may limit scalability in non-clinical settings. Other
unsupervised remotely administered tools, primarily based on episodic memory and recall, have
demonstrated good, yet lower discriminatory power, with AUCs around 0.83%. In contrast,
sSPACE combines strong diagnostic accuracy with the potential for fully unsupervised
deployment, offering a practical and scalable solution for early cognitive screening. SSPACE can
serve as an initial screening tool to flag individuals at risk, who may then undergo more detailed
clinical assessment. This stepwise approach presents a viable opportunity for optimising
resource management in healthcare.

Of all the spatial navigation tasks performed in SPACE, the training phase, path integration, and
perspective taking were best able to discriminate levels of cognitive impairment. These
navigation impairments likely reflect early pathology in regions critical for spatial orientation
and memory"* - deficits that are known to be more prominent in AD and MCI compared to
normal aging®>®'. A notable finding was the progressively longer times required to complete the
SPACE training phase as the severity of cognitive impairment increased. This is likely due to
deficits in both basic visuospatial integration®°2%* and fine motor skills for tracking objects
during rotation and movement manoeuvers that are essential for completing the training phase.
Similarly, a study using a smartphone-based app called Altoida showed that a tapping task added
efficacy in distinguishing between MCI and early AD*. More recently, research has shown that
reaching movements under visual interference are able to distinguish MCI from healthy aging™.
Importantly, a novel cognitive-motor framework further implicates disrupted integration of
motor and spatial systems as a driver of navigation errors in early-stage AD*. Thus, prolonged
training time in cognitively impaired participants likely reflects not only spatial learning deficits
but also deterioration of visuospatial and motor skills needed to interact with the software
controls.

We found that deficits in the path integration task were sensitive indicators of early signs of
cognitive impairment. Path integration has been widely studied and has consistently
demonstrated a strong ability to discriminate across stages of cognitive impairment?, In our
cohort, individuals with mild impairment exhibited significantly greater path integration errors
than those with normal or very-mild cognition, aligning with prior evidence®?*. Path integration
deficits have been shown to emerge in individuals at genetic risk for AD, appearing well before
symptom onset and despite performing well in standard cognitive tests?-*.. Importantly, deficits
in path integration were associated with reduced grid-like representations®* in the entorhinal
cortex, as well as atrophy in both the entorhinal cortex* and hippocampus®#. While these
findings reinforce the interpretation of path integration tasks as sensitive markers of early AD,
the inherent complexity of these tasks may limit their utility for widespread screening,
particularly for elderly or unsupervised populations.

The perspective taking task in SPACE has emerged as a valuable marker, with individuals in the
mild and moderate impairment groups exhibiting significantly greater errors compared to those
with normal cognition or very-mild impairment. This task assesses the ability to mentally
represent and manipulate spatial relationships from different viewpoints, tapping into both
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visuospatial ability and executive function®. Indeed, research using immersive VR has found that
early AD disrupts the ability to convert allocentric into egocentric information, highlighting
compromised reference-frame transformations®. To our knowledge, only one study has
specifically focused on perspective taking with amnestic MCI and AD participants, showing
significant deficits in tasks requiring first-person viewpoint transformations®. Despite its
simplicity and suitability for unsupervised deployment, perspective taking remains understudied
in both research and clinical screening. In SPACE, we digitalised the Spatial Orientation Test™,
into a scalable, sensitive perspective taking assessment. However, its suitability for routine
cognitive screening across diverse clinical populations requires further validation in broader
clinical settings.

Despite the clear benefits of our digital assessment, several limitations should be acknowledged.
First, the cross-sectional design limits conclusions about the ability of SPACE to track cognitive
decline over time. Here, longitudinal studies are required to assess predictive validity. Second,
although performance was robust under supervised conditions, the tools have not yet been
evaluated in fully unsupervised settings, where variability in digital literacy and user familiarity
with touchscreen interfaces may affect task performance. To mitigate these technological
barriers, we previously conducted a detailed usability study that evaluated task controls,
interface aids, and the configuration of landmarks in the virtual environment across age groups*.
This work has allowed optimisation of the current design and reduced some of these confounds.
Third, our findings were drawn from a single study cohort. As such, replication in other samples
is necessary to support generalisability as well as differences in demographic characteristics.
Finally, the absence of biomarker data restricts the interpretation of how well this tool correlates
with other objective benchmarks of neuropathology.

We acknowledge that SPACE is not intended to replace comprehensive clinical or
neuropsychological assessments. While SPACE does not offer a definitive diagnosis, this work
has shown its clear potential for serving as a rapid, scalable tool for widespread screening of
cognitive impairment. To maximise clinical relevance, SPACE and sSPACE metrics could also be
integrated with complementary data sources such as neuropsychological assessments, fluid and
imaging biomarkers, genetic profiles, and other clinical data™. A promising future direction is the
continuous monitoring of spatial navigation ability, supported by mobile sensor technologies and
integrated health data®%"®. This approach could enable early detection of subtle cognitive
decline, support longitudinal tracking of neurological changes, and contribute to digital
phenotyping for MCI. Incorporating these tools into clinical workflows and public health systems
may ultimately strengthen early detection strategies and support timely, targeted interventions.

In summary, this study provides clear evidence that spatial navigation tasks are a sensitive
marker for detecting early cognitive impairment. Through immersive and engaging tasks that tap
hippocampal and entorhinal function, the tablet-based SPACE tool provides a domain-specific
and cost-effective alternative to traditional clinical assessments. Our results demonstrate strong
diagnostic accuracy across cognitive levels, particularly across the very-mild and mild levels of
impairment. The shortened version, sSSPACE, maintains performance while reducing assessment
time, hence, supporting its suitability for widespread and unsupervised deployment. This
approach not only alleviates pressure on healthcare systems and extends reach to underserved
populations. While additional validation in unsupervised environments is clearly needed, SPACE
offers promising avenues for expanding access to cognitive screening and advancing early
intervention strategies.
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Methods

Participants

This study involved 300 patients (Mg = 74 years; 41% male) recruited either from the memory
clinic (90%) or from the community (10%) at the National University Hospital (NUH) in
Singapore. All recruited participants underwent an initial telephone screening to assess their
eligibility for the study. Participants were eligible if they were over 50 years old and could walk
10 meters without using a walking aid. Participants were excluded if they manifested severe
blindness or deafness, a history of seizure, epilepsy, or acute cardiac events. Signed informed
consent was obtained from all participants or their legal representative prior to undergoing the
experimental procedure. Ethical approval for this study was provided by the NHG Domain
Specific Review Board (DSRB) in Singapore (2021/01160).

Sociodemographic and Health Questionnaire

Participants completed a sociodemographic and health questionnaire that included questions on
their age, gender, education level, handedness, tablet experience, previous navigation training,
vision impairments, chronic health conditions, history of head trauma and falls, depression,
anxiety and stress, smoking status, alcohol consumption, sleep, and physical activity.
Furthermore, participants were asked to self-evaluate their spatial navigation abilities using the
Santa Barbara Sense of Direction (SBSOD) scale™.

Global Clinical Dementia Rating Diagnosis

The global Clinical Dementia Rating (CDR) score was determined relative to six cognitive and
functional domains: Memory, Orientation, Judgment & Problem Solving, Community Affairs,
Home & Hobbies, and Personal Care. The CDR was calculated using the CDR-assignment
algorithm based on the scoring rules established by Morris, 1993, CDR scores were used to
classify patients’ impairment severity: O = no impairment, 0.5 = very mild, 1= mild, 2 = moderate,
and 3 = severe. Out of 300 participants, 153 had a CDR score of 0, 96 had a score of 0.5, 34 had a
score of 1, 14 had a score of 2, and 3 had a score of 3. Due to the limited number of participants
with a CDR score of 3 (n = 3), the moderate and severe groups were merged for analysis.

Spatial Performance Assessment for Cognitive Evaluation (SPACE)

SPACE is a serious game deployed on the iPad to assess spatial navigation abilities that may be
indicative of cognitive impairment. In SPACE, participants assume the role of an astronaut
tasked to explore and learn the position of different landmarks on a planet while completing a
series of spatial navigation tasks (Figure 3). A comprehensive description of SPACE is provided in
a previous publication*,

SPACE begins with a training phase in which participants complete a series of manoeuvres
designed to familiarise them with the controls while also assessing basic visuospatial skills.
During this phase, participants learn how to rotate, move, and follow a robot from their starting
point (rocket) to various destinations and back (Figure 3a). Following the training phase,
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participants complete five spatial tasks that target different aspects of navigation. The path
integration task evaluates how well participants can track changes in position and orientation as
they navigate from the rocket to three landmarks. In each trial, participants follow the robot
along two legs of a triangle and are then asked to return to the rocket via the third leg. At each
landmark, the robot scans an item that participants will later be asked to recall (Figure 3b). The
pointing task measures how accurately participants can indicate the direction of other
landmarks from a first-person perspective. Over a series of trials, participants are placed in front
of a landmark and asked to indicate the direction of other landmarks in the environment. The
mapping task assesses their ability to form a top-down mental map of the environment by
reconstructing the spatial layout of landmarks. The associative memory task tests their recall of
the specific items scanned at each landmark. Finally, the perspective taking task measures
participants’ ability to calculate the spatial relation between the landmarks from various
perspectives. Here, the player is asked to imagine standing at a landmark facing another
landmark by looking at the map of the planet. Participants are then required to indicate the
correct bearing towards a third landmark (Figure 3c).

Figure 3 | Screenshots from SPACE tasks. Start (top images) and end (bottom images) screens from three core tasks within the
SPACE assessment. (a) Training phase, rotation: Participants rotate their viewpoint by swiping left or right on the screen to find
the robot. (b) Path integration: Starting from the rocket and following the robot to two landmarks, participants must navigate
back to the starting location without assistance. (c) Perspective taking: Participants view a top-down map of the environment
and are asked to imagine standing at one landmark (e.g,, the tree), facing a second (e.g., the rocket), and pointing to a third (e.g,,
the waterfall) using the directional interface at the bottom of the screen.

Performance in SPACE is quantified using the following measures. Training time is the duration
(in seconds) required for participants to complete the entire training task. Path integration
distance error refers to the mean distance between the player's final position and the rocket's
original position across all path integration trials. Pointing error is the mean absolute angular
deviation (in degrees) from a starting position to the target location. Mapping accuracy is
determined using bidimensional regression®, a statistical method for assessing the degree of
association (R?) between the reference map and the map generated by the participants. The
associative memory score is the percentage of correct pairings between scanned items and
corresponding landmarks. Perspective taking error is the mean absolute angular deviation (in
degrees) between the participant’s directional estimate and the target landmark across all trials.
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This study is part of a wider data collection effort to validate SPACE in community and clinical
samples. Since the primary focus of this paper is to assess the performance of SPACE relative to
the CDR scores, various other measures were excluded from the study. A complete list of all
measures collected in the study is reported in the Supplementary Materials.

Study procedure

Upon arriving at the study site at the NUH, participants were provided with an overview of the
study procedures. Once written informed consent was obtained, participants completed a series
of questionnaires in which we collected sociodemographic data, self-reported navigation ability,
and health information. Participants then completed a battery of neuropsychological tests and
SPACE. After completing SPACE, blood and saliva samples were collected for biomarker analyses.
Participants also completed a short gait assessment using single and dual tasks. The entire
testing procedure lasted approximately 3 hours (see Supplementary Materials).

Statistical analyses

Descriptive statistics were computed for key demographic and clinical variables, including age,
gender, education, and CDR scores. Group differences for performance on the spatial navigation
tasks of SPACE were examined using one-way robust ANOVAs using a modified one-step
estimator and bootstrap (5,000 samples). Post-hoc pairwise comparisons were conducted to
evaluate the significance of group differences.

Logistic regressions were used to model the relationship between predictors and all
combinations of binary outcomes from the CDR scale. To assess the contribution of SPACE, we
compared models that included only demographic predictors (age, education, gender) with those
that also incorporated the navigation tasks of SPACE and performed DeLong’s test to evaluate
whether the difference in AUCs was statistically significant. The optimal classification cutoff for
each model was determined using Youden index, and assessed using the area under the ROC
curve, sensitivity, specificity, and accuracy. Model performance was further evaluated using
deviance, AIC, and the Brier score. Given that only two participants with moderate impairment
completed the path integration task, this task was excluded from the analysis for this group.

We cross-validated our models using k-fold cross-validation and Leave-One-Out Cross-
Validation (LOOCV). For both methods, we provide estimates of model performance, including
AUC, sensitivity, and specificity, along with their corresponding confidence intervals. The k-fold
cross-validation involved partitioning the dataset into k subsets (k = 10), training the model on k-
1 subsets, and testing it on the remaining subset. LOOCV involves training the model on all but
one data point and testing it on the remaining point, iterating this process for each data point in
the dataset.

We also evaluated whether a short version of SPACE without the path integration task could
discriminate between different CDR levels. A Repeated Measures ANOVA was employed to assess
differences in the time taken to complete the three tasks (training, path integration, and
perspective taking). Logistic regressions, ROC curve analysis, and cross-validation (stratified k-
fold and LOOCV) were also performed on the short version of SPACE. All statistical analyses and
plots were performed using Jamovi (v.2.6.26.0) and RStudio (v.2024.12.0+467), with p-values <
0.05 considered statistically significant.
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