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Background: Walking ability recently emerged as a sub-clinical marker 
of cognitive decline. Hence, the relationship between baseline gait and 
future cognitive decline was examined in geriatric patients. Because 
a ‘loss of complexity’ (LOC) is a key-phenomenon of the aging process 
that exhibits in multiple systems, we propose the idea that age- and 
cognition-related LOC may also become manifested in gait function. 
We hypothesized that a LOC is reflected in dynamic gait outcomes 
and that such outcomes could increase the specificity of the gait-
cognition link. Methods: 19 geriatric patients (age 80.0±5.8) were 
followed for 14.4±6.6 months. An iPod collected 3D-trunk accelerations 
for 3 minutes. Cognition was evaluated with the Mini Mental State 
Examination (MMSE) and the Seven-Minute screen (7MS) test. The 
Reliable Change Index (RCI) quantified the magnitude of cognitive 
change. Spearman’s Rho coefficients (ρ) indexed correlations between 
baseline gait and future cognitive change. Results: Seven patients 
showed reliable cognitive decline (‘Cognitive Decline’ group), and 12 
patients remained cognitively stable (‘Cognitive Stable’ group) over time. 
Future cognitive decline was correlated with a more regular (ρ=0.579*) 
and predictable (ρ=0.486*) gait pattern, but not with gait speed. 
Conclusions: The increase in gait regularity and predictability possibly 
reflects a LOC due to age- and cognition-related (neuro)physiological 
decline. Because dynamic vs. traditional gait outcomes were more 
strongly correlated with future cognitive decline, the use of wearable 
sensors in predicting and monitoring cognitive and physical health in 
vulnerable geriatric patients can be considered promising. However, 
our results are preliminary and do require replication in larger cohorts. 
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ABSTRACT

THE RELATIONSHIP BETWEEN GAIT 
DYNAMICS AND FUTURE COGNITIVE 
DECLINE: A PROSPECTIVE PILOT 
STUDY IN GERIATRIC PATIENTS5
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INTRODUCTION

Medical developments have substantially extended human lifespan. An increase in age, 
however, comes hand in hand with co-morbidities such as cognitive decline, muscle 
weakness, frailty, polypharmacy, and falling [1]. Hence, we can anticipate an increase 
in the number of ‘older old adults’ who will need specialised geriatric care (i.e., geriatric 
patients) to slow functional decline. Cognitive impairment is a frequent geriatric condition 
substantially affecting independence, mobility, and quality of life (WHO, 2017). If applied in 
time, tailored interventions could delay disease onset and perhaps extend the asymptomatic 
phase. Predicting future cognitive loss is therefore important in this vulnerable population, 
in which walking ability has recently emerged as a non-invasive sub-clinical marker that 
predicts cognitive decline [2].

The view that walking is no longer considered an automatic task supports its potential to 
serve as an early marker of cognitive decline. Because brain areas affected by cognitive 
impairment partly overlap with brain areas activated during walking [3], subtle, pre-clinical 
changes in gait could be precursors of evolving cognitive impairment. Such an overlap 
gave rise to the concepts of the ‘Motoric Cognitive Risk’ syndrome [4], a ‘Gait Phenotype’ 
of cognitive decline [5], and the ‘Motor Signature’ of cognitive decline [6]. Longitudinal 
studies confirmed the close relation between gait and cognition [2, 7], with the majority 
of prediction studies focussing on gait speed as main predictor of cognitive decline [2]. 
Individuals who developed Mild Cognitive Impairment (MCI) or dementia presented with 
a slower baseline gait speed (0.91 and 0.80 m/s, respectively) as compared to individuals 
who remained cognitively intact (1.11 m/s) [2]. While a slow walking speed provides an 
important marker of multiple adverse outcomes (e.g., falling, hospitalization, and even 
survival) [8], more delicate gait measures could unravel why geriatric patients walk slow, 
with final gait speed being the cumulative result of interactions between multiple, subtle 
gait functions. Hence, we hypothesize that those gait details could increase the specificity of 
the gait-cognition link. Key-principles of the aging neuro-musculo-skeletal system (NMSS) 
provide a theoretical framework for the latter hypothesis.

Although age- and pathology related declines in neural, sensory-motor, cognitive, and 
muscular function, i.e., declines in NMSS, are generally examined separately, such a view 
limits our understanding of the aging NMSS as a whole [9]. Because vulnerable geriatric 
patients show degradation in multiple interacting systems, we propose the idea to place the 
gait-cognition link into a more encompassing perspective to better understand the coupling 
and coordination between elements of the NMSS (i.e., gait and cognition). To this idea, we 
consider a key-phenomenon of the aging NMSS, namely the ‘loss of complexity’ (LOC). The 
LOC theory is derived from the field of non-linear dynamics, and suggests that even healthy 
aging is associated with a (neuro)physiological breakdown of system elements that causes 
a loss of overall complexity [10]. This loss of complexity in turn leads to a reduced adaptive 
capacity and most likely to poor functional outcomes such as frailty and an increased fall 
risk [11]. Indeed, frail vs. healthy old adults and fallers vs. non-fallers are characterized by a 
global loss of complexity [11], and a loss of complexity indicates transitions from healthy to 
frail aging [12]. (Neuro)physiological decline and cognitive impairment may add to this loss 
of complexity, and possibly becomes manifested in gait function. A loss of gait complexity 
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is characterized by an increased gait regularity/predictability, in which perfect regular 
signals would resemble a sine function. Coordination dynamics constitutes a conceptual 
framework to quantify complexity caused by physiological breakdown because it can 
capture changes of functional status over time by means of for example indexing coupling 
and self-organisation properties [9]. 

Trunk accelerations have demonstrated their ability to quantify non-linear coordination 
dynamics of gait function including self-affinity, regularity, complexity, variability, and 
stability [13-16]. Such gait dynamics describe overall gait coordination and the ability 
to overcome or adequately respond to perturbations. Cross-sectionally, gait dynamics 
distinguished old adults with- and without cognitive impairment, with cognitively impaired 
old adults presenting with a less variable and less stable gait pattern [17]. Longitudinally, 
adding gait dynamics to clinical tests increased the accuracy of a fall prediction model by 
14% [18], and the specificity of a fall classification model from 60% to 80% [19]. However, 
less is known about the longitudinal link between gait dynamics and cognitive decline. In 
addition to more traditional outcomes such as gait speed, it is quite possible that an age- 
and pathology-related loss of complexity is expressed in detailed dynamic gait outcomes 
derived from non-linear analyses. Gait dynamics could therefore assist to index and predict 
long-term cognitive change and provide insights into (unconscious) strategies old adults use 
to compensate for this anticipated cognitive loss. Hence, the aim of the present prospective 
pilot study was to examine the relationship between baseline gait function and future 
cognitive decline, and to identify indicators of future cognitive decline in terms of a geriatric 
patient’s gait. We hypothesize that a loss of complexity of the aging NMSS translates to gait 
function, and is reflected in measures that quantify dynamic aspects of gait.

METHODS

Patients
Seventy geriatric patients were recruited from the geriatric diagnostic day clinic of the MC 
Slotervaart hospital in Amsterdam between January 2015 and July 2016 (mean age 80 ±6.6; 
53% women). Patients were referred by a general practitioner based on general or specific 
decline, and underwent extensive screening for physical and cognitive functioning during 
their seven-hour visit. Inclusion criteria were: age 65 or older. Exclusion criteria were: (1) 
Inability to walk for three minutes without a walking aid, (2) the presence of neurological 
disorders other than dementia-related (e.g., Parkinson’s disease), (3) having neurological or 
orthopaedic disabilities that limit mobility function (e.g., recent surgery), and (4) inability 
to speak and understand Dutch. Only patients at risk for (further) cognitive deterioration 
were invited for a re-evaluation in approximately one year. However, this referral depended 
on subjective and objective evaluations of the clinical geriatrician who treated the patient. 
Hence, 19 patients were included in the present pilot study. While all patients were at risk 
for cognitive impairment, 10 out of 19 patients actually had a diagnosis of MCI at baseline. 
The protocol was approved by the Medical Ethical Committee of the MC Slotervaart hospital. 
Because some of the test results could directly be used by the involved clinical geriatrician 
(e.g., gait speed, hand grip strength, and frailty), the tests were part of a standard clinical 
evaluation when a researcher was present who could administer the measurements. It was 
therefore not necessary to obtain informed consent from patients. 



90

Demographic information including age, height, weight, and Body Mass Index (BMI) were 
extracted from medical records. The Charlson Comorbidity Index (CCI) quantified the number 
and severity of comorbidities, and polypharmacy was denoted when patients used >4 
medications. Cognitive performance was evaluated with the Mini Mental State Examination 
(MMSE) and with the 7-minute screen (7MS) test. The 7MS assessed memory function using 
the Benton’s Temporal Orientation (BTO) (range 0-113) and the Enhanced Cued Recall (ECR) 
test (range 0-16), and executive and visuospatial function using the animal verbal fluency 
(range 0-45) and clock-drawing test (range 0-14). A logistic regression formula based 
on the four sub-tests resulted in a total 7MS-score, with a score of 0 corresponding to a 
50% chance that a patient has dementia, and negative and positive scores corresponding 
to a lower and higher than 50% chance to have dementia, respectively. We refer to our 
previous study for references of the cognitive screening batteries [19]. The Reliable Change 
Index (RCI) quantified the magnitude of cognitive change and to determine whether the 
changes in cognition were clinically meaningful and statistically reliable, with a RCI of 
>1.96 indicating a significant change between baseline and follow-up outcomes (p<0.05) 
[20]. Patients who showed a reliable decline in both, MMSE and 7MS-score (average RCI-
score >1.96) were coded as the ‘Cognitive Decline’ group. Patients who remained cognitively 
stable or showed non-significant changes in cognition formed the ‘Cognitive Stable’ group. 
Figure 1 illustrates the study protocol. 

Procedures and pre-processing
At baseline, patients walked for three minutes at habitual gait speed on a 10-m long course 
marked with cones. Accelerations of the lower trunk (near the level of the 3rd lumbar 
vertebra) were registered using a built-in accelerometer of an iPod touch G4 (iOS 6, Apple 
Inc.; sample frequency ±100Hz). The validity of gait and standing posture parameters from 
trunk accelerations as indicated by intra- class correlation (ICC) was high (ICC = 0.85–0.99), 
and test–retest reliability was good (ICC = 0.81–0.97) in old adults, under varying conditions 
[21]. A custom-made application ‘iMoveDetection’ stored the acceleration signals in anterior-
posterior (AP), medio-lateral (ML), and vertical (V) directions [21]. The signals were then 
transferred via blue tooth to an online platform and analysed with custom MATLAB software 
(version 2014b, The MathWorks Inc.). All times series were de-trended, corrected for horizontal 
tilt, and low-pass filtered using a 4th order Butterworth filter (cut-off frequency 10 Hz).

Gait outcomes 
We previously identified gait outcomes that characterized the same population of geriatric 
patients with and without cognitive impairment in a cross-sectional study (submitted), and 
therefore included those outcomes in the present longitudinal analysis. In addition, average 
stride time and the Coefficient of Variation (CoV) of stride time were computed. Time indices 
of foot contacts were manually identified from peaks in the AP acceleration signals to 
calculate stride-related gait outcomes. The magnitude of the resultant vector of the AP, ML, 
and V signals was calculated according to the following equation: . The 
dynamic gait outcomes were quantified over this ‘summary’ signal. Table 1 describes 
stride-related (outcomes 1-3) and dynamic (outcomes 4-7) gait outcomes. 

𝑅𝑅 = 	 𝐴𝐴𝐴𝐴& + 𝑀𝑀𝑀𝑀& + 𝑉𝑉&. 
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Figure 1. Syntax of the study protocol. 
Abbreviations used in Figure 1: BMI= Body Mass Index; CCI= Charlson Comorbidity 
Index; MMSE= Mini Mental State Examination; 7MS= Seven Minute Screen. 

Between January 2015
and June 2016 

11.3 ± 2.0 months 

Cognitive Decline

(n=7  patients)

Cognitive Stable

(n=12  patients)

Compare baseline gait outcomes

16.2 ± 1.7 months 

Screening for eligibility at 
the geriatric diagnostic 

day clinic of the MC 
Slotervaart

In -  and exclusion criteria 

Patients eligible 
for inclusion

(n=70 patients) 

Patients with a clinical 
indication for a follow - up 

assessment

(n=19  patients) 

   Baseline assessment:

- Demographics (Age, height,
    weight, BMI, CCI, medication) 
- Cognition (MMSE, 7MS) 
- Gait (Speed- and trunk outcomes)

   Follow-up assessment:

- Demographics (Age, height, 
   weight, BMI, CCI, medication) 
- Cognition (MMSE, 7MS)
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Statistical analysis
Statistical analyses were performed using SPSS version 24. Group differences (‘Cognitive 
Decline’ vs. ‘Cognitive Stable’) were examined with the Mann-Whitney’s U test, and within-
group differences (baseline vs. follow-up) with a repeated measure analysis of variance 
(ANOVA). Correlations between baseline gait and longitudinal cognitive change in MMSE and 
7MS scores were computed using Spearman’s Rho correlation coefficients (ρ) for non-linear 
data. Perfect monotonic relations would reveal a ρ of 1 or -1. Significance was set at 0.05.

Table 1. Descriptions and formula of the quantified gait outcomes.

RESULTS

Nineteen patients were followed for 14.4±6.6 months (age 80.0±5.8; 63% women). Based on 
average RCI-scores of MMSE and 7MS, 7 of 19 patients (37%) showed significant cognitive 
decline over time and were retrospectively classified as the ‘Cognitive Decline’ group 
(average follow-up time was 11.3±2.0 months). The other 12 patients remained cognitively 
stable or slightly increased in cognitive function and formed the ‘Cognitive Stable’ group 
(average follow-up time was 16.2±1.7 months). At baseline, the groups were comparable 
in terms of age, height, weight, BMI, CCI, the number of medication used, MMSE-score, 
and 7MS-score (all p>0.05). At follow-up, the groups only differed in MMSE (p=0.05) and 
7MS (p=0.01). The MMSE (p=0.05) and the 7MSE scores (p=0.01) decreased in the ‘Cognitive 
Decline’ group but not in the ‘Cognitive Stable’ group (MMSE: p=1.0; 7MS: p=0.83). Other 
outcomes did not significantly change (p>0.05) in either group (Table 2).

 
 Gait 

outcome 
Formula Description 

(1) Gait speed  
(m/s) 

Speed = 
!"#$%&'(	(+)

-"+(	.%/0(1	(#)
 

Average walking speed. 

(2) Stride time  
(s) 
 

Stride time = 
-"+(	.%/0(1	(#)

23+4(5	67	#$5"1(#	
 

Stride time reflects the average time from heelstrike-to-heelstrike of the 
ipsilateral foot.  
 

(3) CoV Stride 
time  
(%) 

CoV = 
8$%&1%51	1(9"%$"6&

+(%&
∗

100% 

The Coefficient of Variation of stride time is the standardized measure of 
dispersion of the average stride time. 

(4) Root Mean 
Square  
 

RMS = 
>?@>A…@>C	

&
 The RMS quantifies the magnitude of amplitude variability. 

 

(5) Step- and 
stride 
regularity  

AC(t) = 
D

2E $
	 𝑥𝑥"𝑥𝑥"@$
2E $
"GD  

Step and stride regularity indicate the regularity of steps and strides, 
respectively. Autocorrelation refers to the correlation of a time series with its 
own past and future values. Perfect regular steps or strides will adopt a value 
of 1 [15]. 

(6) Multi-scale 
Sample 
Entropy  

𝑀𝑀𝑀𝑀𝑀𝑀 𝑁𝑁,𝑚𝑚, t, g  = 

− ln	[ R
ST?(U)
RS(U)

	] 
Mscale-En reflects the degree of predictability of a gait pattern. A complete 
predictable signal has a Mscale-En value of 0 [26]. 
 

(7) Maximal 
Lyapunov 
Exponent 

 

𝜆𝜆" = lim
&→\

	D
$
𝑙𝑙𝑙𝑙𝑙𝑙` 	

ab($)
ab(c)

 Maximal Lyapunov Exponent indicates local dynamic stability, i.e., the ability 
to resist perturbations. A larger λmax reflects a less local dynamic stability [31]. 
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Table 2. Patient demographics (mean±SD) by final cognitive state. Differences were evaluated with the 
Mann-Whitney’s U test, with significant differences between groups indicated in bold.

Relationship between baseline gait and future cognitive change
Table 3 presents correlations between baseline gait outcomes and changes in cognitive 
function 14 months later. Stride-related outcomes (gait speed, stride time, CoV of stride 
time) did not correlate with changes in cognition (ρ<0.3). Trunk outcomes showed modest 
correlations with changes in cognition, with a decline in cognition corresponding to more 
regular steps (ρ=0.579*) and strides (ρ=0.347), and a more predictable gait (ρ=-0.484*). Figure 
2 shows the correlations between gait outcomes (Step regularity, Stride regularity, and 
Multi-scale sample entropy) and changes in cognition in each group. Correlations between 
baseline gait and cognition in MMSE and 7MS separately were in the same direction, in 
which some gait outcomes related more to change in MMSE, while others were more closely 
linked to change in 7MS. For example, stride regularity correlated more strongly with 
ΔMMSE (ρ=0.339) than with Δ7MS (ρ=0.230), while Multi-Scale Sample Entropy correlated 
more strongly with 7MS (ρ=-0.509*) as compared to MMSE (ρ=-0.321). 

Table 3. Spearmans’ Rho (ρ) correlations between baseline gait 
and future change in cognition in 19 geriatric patients. The 
degree of decline in cognition is expressed using the Reliable 
Change Index (RCI), combining MMSE and 7MS-scores. 
 

  Change in cognition  
(Average of MMSE and 7MS) 

Stride-related outcomes  

Gait Speed 0.073 

Stride Time 0.051 

Coefficient of Variation of Stride Time -0.260 

  

Trunk outcomes   

Root Mean Square -0.065 

Step Regularity 0.579* 

Stride Regularity 0.347 

Multi-Scale Sample Entropy -0.484* 

Maximal Lyapunov Exponent 0.196 

* p<0.05.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

* p<0.05. 
BMI = Body Mass Index; CCI = Charlson Comorbidity Index; MMSE = Mini Mental State Examination; 7MS = Seven  
Minute Screen; NA = Not Applicable. 

 
 

 Baseline Follow-up 

 ‘Cognitive  
Decline’ (n=7) 

‘Cognitive  
Stable’ (n=12) 

p ‘Cognitive  
Decline’ (n=7) 

‘Cognitive  
Stable’ (n=12) 

p 

Age 80.9 ± 6.4 79.5 ± 5.6 0.37 NA   NA    

Height (cm) 166 ± 7.3 165 ± 9.2 0.53 NA   NA    

Weight (kg) 65.3 ± 10.7 69.7 ± 14.4 0.55 NA   NA    

BMI  23.6 ± 2.3 25.9 ± 5.6 0.40 23.8 ± 2.3 25.9 ± 5.9 0.35 

CCI 3.3 ± 1.5 2.2 ± 1.3 0.13 3.3 ± 1.5 2.5 ± 1.7 0.24 

Medication 6.1 ± 3.4 6.2 ± 3.3 0.93 5.0 ± 4.2 6.1 ± 4.1 0.40 

MMSE 25.7 ± 3.7 26.3 ± 2.8 0.83 22.3 ± 6.2 26.4 ± 3.4 0.05* 

7MS 8.3 ± 16.7 0.0 ± 4.6 1.00 16.1 ± 23.9 0.3 ± 4.3 0.01* 
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Figure 2. Correlations between baseline gait outcomes and future decline in cognition (MMSE+7MS). 
The degree of cognitive change was quantified with the Reliable Change Index (RCI), with an RCI>1.96I 
indicating significant cognitive change over time (p<0.05). Each symbol denotes an individual patient. 
Patients whose MMSE and 7MS decreased are coloured in orange (n=7) and those patients who remained 
cognitively stable are coloured in blue (n=12).
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DISCUSSION

The present prospective pilot study examined whether baseline gait characteristics 
predicted changes in cognition 14.4±6.6 months later in 19 geriatric patients (mean age 
80.0±5.8). The results revealed that a more regular and predictable gait pattern correlated 
with future cognitive decline in geriatric patients admitted to an outpatient diagnostic clinic. 
We discuss these results from a theoretical perspective in terms of the ‘loss of complexity’ 
hypothesis’, and from a clinical perspective in terms of how smart devices that extract gait 
details could possibly facilitate the prediction of cognitive decline and the development of 
early tailored interventions.

While population-based studies reported that gait speed predicts cognitive decline [2, 22], 
the present analyses did not confirm these results. Patient characteristics may account for 
the discrepant data. While previous studies focused on relatively young and healthy old 
adults with a mean age around 65, our geriatric patients had a mean age of 80. Geriatric 
syndromes that are also linked to gait slowing (e.g., muscle weakness, polypharmacy, falling, 
osteoporosis-related factors) [23, 24], may have caused a slower gait, also in the group that 
remained cognitively stable. Gait speed alone might thus not be specific enough to predict 
future cognitive decline in geriatric patients that suffer from multi-system degeneration 
[24]. These results are in agreement with a recent population study that concluded that a 
slow baseline gait speed was only modestly related to future cognitive decline, and provided 
no early marker of clinical progression to dementia [25]. The short follow-up period in the 
present study could also account for the discrepancies relative to previous studies, as our 
average follow-up time vs. the average follow-up time of a systematic review were 1.2 and 
4.5 years, respectively.

Cognitive decline over time correlated with a more regular (higher autocorrelation 
coefficients) and more predictable (lower multi-scale sample entropy) baseline gait pattern. 
Because increases in stride regularity and predictability during gait reflect a decline in 
gait complexity [26], we confirm our hypothesis that the ‘loss of complexity hypothesis’ 
[10] could provide a theoretical framework to relate those findings to health status. The 
LOC theory suggests that a deterioration in age-related and pathological physiological 
functioning leads to a breakdown of system elements, causing a decline in variability and 
overall complexity [10]. This loss of complexity in turn relates to a reduced adaptive capacity 
and most likely relate to poor functional outcomes such as an increased fall risk [11]. Our 
results are in agreement with postural control studies that reported a reduced complexity 
of postural fluctuations (as quantified by the multi-scale sample entropy) in older adults 
with sensory impairments as compared to age-matched controls [27]. A sample of frail 
and pre-frail older adults (who closely compare to the present sample of geriatric patients) 
exhibited less postural complexity as compared to non-frail controls [28]. Physiological 
decline related to cognitive loss possibly adds to this loss of complexity and the association 
between cognitive decline and higher gait regularity and predictability might thus reflect a 
loss of complexity of the aging system. Although increased regularity and predictability may 
seem beneficial, such a strategy reduces the ability to resist and recover from perturbations 
and may actually promote gait instability and increase the risk of falling [9]. The latter is in 
agreement with studies that reported a decline in gait stability in old adults with dementia 
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as compared to age-matched controls [17]. However, given the limited sample size and 
explorative nature of the present study, the results should be taken with caution and need 
replication in larger cohorts. 

The finding that trunk outcomes vs. more traditional gait outcomes (i.e., gait speed) were 
more closely correlated to future cognitive decline provides support for the use of wearable 
sensors in clinics. Indeed, the compact size, relatively low-cost, and ease of operation 
facilitate the incorporation of sensor technologies in gait analysis. Based on the present 
preliminary results, it seems that the use of dynamical systems in gait analyses could 
make prediction of cognitive decline more accurate as compared to the use of traditional 
gait outcomes such as gait speed. Except for its use in the prediction of cognitive decline, 
monitoring gait dynamics is encouraged because such details also relate to one’s ability to 
act independently and autonomously. Intervention strategies could in turn specifically tailor 
gait functions in an aim to remain activities of daily living and to reduce fall risk. Although 
studies that examined the effects of exercise on gait and cognition showed contradictory 
results, a recent population-based study highlighted that transitions in gait as well as in 
cognitive function were mutable and reversible over a 9-year period, even in the oldest-old 
[29]. However, despite technological and clinical advantages of incorporating gait analysis 
derived from wearable sensors, future studies should confirm the clinical utility and the 
predictive ability of such technologies, and applications should be built to translate gait 
details to clinical outcomes.

Procedures at the MC Slotervaart hospital are highly patient-oriented. While this provided 
us with an extensive characterization of this vulnerable population in terms of demographic, 
physical, and social information, standard procedures at the hospital also placed some 
difficulties. For example, even though the protocol for a follow-up appointment is set to 
be at 1 year, the actual follow-up period always depends on organizational and patient 
factors. This resulted in a large variation in follow-up time between patients (follow-up 
period is 14.4±6.6 months), which can be considered a limitation of the present study. For 
the same reasons, we were unable to measure gait function at follow-up. Because there is 
a clear theoretical and experimental basis for the relationship between gait and cognitive 
impairment [2, 7], we expected that gait would have been changed in the patient group who 
presented with significant cognitive decline over time, and that correlations between gait 
and cognition would have become stronger. A recent study highlighted the sensitivity of 
changes in gait speed over a follow-up period of 1 year in healthy old adults aged 75. This 
study showed that 25% of healthy old adults showed a gait speed decline of more than 
0.1 m/s per year [30]. We therefore expected that those changes in mobility may also be 
reflected in elements of mobility that underlie gait speed, i.e., gait dynamics. Finally, the 
small sample size places a limitation of the present study.

In conclusion, the present pilot study revealed that a more regular and predictable gait 
pattern was correlated with future cognitive decline in geriatric patients admitted to an 
outpatient diagnostic clinic. Those results could reflect a loss of complexity of the aging 
NMSS. In addition to traditional outcomes such as gait speed, trunk outcomes derived from 
wearable sensors are promising indicators of cognitive as well as physical decline. Hence, 
we recommend the incorporation of a non-invasive detailed gait analysis in predicting, 
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diagnosing, and monitoring health status in vulnerable geriatric patients. However, our 
results and interpretations are preliminary and need replication in larger cohorts, as for now 
our conclusions are based on a small sample size and a relatively short follow-up period. 
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