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Aging-associated fall-risk assessment is crucial for fall prevention. Thus, this study aimed to develop a
prognostic model to predict fall-risk following an unexpected over-ground slip perturbation based on
normal gait pattern in healthy older adults. 112 healthy older adults who experienced a novel slip in a
safe laboratory environment were included. Their slip trial and natural walking trial immediately prior

KeyW{JTdSi to it were analyzed. To identify the best fall-risk predictive model, gait related variables including step
g;‘,"'mk length, segment angles, center of mass state, and ground reaction force (GRF) were determined and
1p

inputted into a stepwise logistic regression. The optimal slip-induced fall prediction model was based
on the right thigh angle at slipping foot touchdown (TD), the maximum GRF of the slipping limb after
TD, and the momentum change from TD to recovery foot liftoff (LO), with an overall prediction accuracy
of 75.9%, predicting 74.5% of falls (sensitivity) and 77.2% of recoveries (specificity). Conversely, a model
based on clinical and demographic measures predicted 78.2% of falls and 47.4% of recoveries, resulting in
a much lower overall accuracy of 62.5%. The fall-risk model based on normal gait pattern which was
developed for slip-induced perturbations in healthy older adults was able to provide a high predictive
accuracy. This information could provide insight about the ideal normal gait measures which could be
used to contribute towards development of therapeutic strategies related to dynamic balance and fall

Fall prediction model
Gait pattern

prevention to enhance preventive interventions in populations with high-risk for slip-induced falls.

© 2019 Published by Elsevier Ltd.

1. Introduction

Falls are a serious and growing health concern, affecting nearly
30% of older adults in the US (Burns et al., 2016). The consequences
of falls can range from fractures, to serious disability, and even
death (Stel et al., 2004; Stevens and Sogolow, 2005), with an
annual cost of approximately $31 billion (Burns et al, 2016).
Despite many being able to partake in independent community
ambulation, older adults continue to be at a high risk for falls
(Timsina et al., 2017) with about 70% of overall falls being due to
external perturbations (Heijnen and Rietdyk, 2016) and around
40% being slip-induced (Boyé et al., 2013). Thus, it is crucial to
develop accurate predictive techniques to identify older adults vul-
nerable to falls and design effective preventive interventions for
these at-risk individuals.

Previous evidence indicates that falls result from a combination
of intrinsic (age, mobility impairments, and neurological disorders)
and extrinsic (slippery surfaces, improper footwear, and clutter)
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factors which has made the development of fall-risk models chal-
lenging (Hoang et al., 2017; Lannering et al., 2016). Most of the
previous fall-risk prediction models that were based on clinical
scales or gait parameters have demonstrated limited predictive
capacity (overall accuracy <70%) (Gates et al., 2008; Greene
et al., 2010; Paterson et al., 2011; Sterke et al, 2012; van
Schooten et al., 2015). For example, clinical balance measures such
as the Berg Balance scale (BBS) and the Timed Up-and-Go (TUG)
test showed prediction accuracies less than 65% for healthy older
adults (Bhatt et al., 2011; Greene et al., 2010). Such limited predic-
tion power of these clinical assessments could possibly be related
to their inability to detect age-related neuromuscular and muscu-
loskeletal declines due to ceiling effects (Voermans et al., 2007).
Conversely, spatio-temporal gait parameters, which have been
widely used for fall-risk evaluations (Espy et al., 2010a; Scott
et al., 2007; van Schooten et al., 2015), demonstrated either equiv-
alent or better fall prediction accuracy compared to clinical balance
tests (Viccaro et al., 2011). Among the gait parameters, step length,
step time, step time asymmetry, and stride regularity demon-
strated a fall prediction capability (area under curve (AUC)
<0.66) comparable to the aforementioned balance tests
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(Bautmans et al., 2011; Rispens et al., 2015; Sterke et al., 2012).
While gait speed previously showed a better fall-risk predictive
ability (AUC = ~0.7 or accuracy = ~70%) and has been recom-
mended for fall prediction (Maki, 1997; Viccaro et al., 2011),
opposing findings from several other studies indicated no relation-
ship between gait speed and fall-risk (Brach et al., 2005; Rispens
et al,, 2015; van Schooten et al., 2015). Similarly, studies indicated
conflicting findings on how step length could affect fall-risk, with
some reporting fallers showed a much smaller step length than
non-fallers (Mbourou et al., 2003; Taylor et al., 2013) while others
found longer steps were associated with a greater fall probability
(Espy et al., 2010a; Moyer et al, 2006). Such heterogeneity
amongst results decreases the value of these evaluations and fur-
ther limits their clinical application.

A plausible cause of heterogeneity in the results might be the
lack of consideration of fall-specific variables, such as fall type
(slip- or trip-induced fall), as spatio-temporal gait parameters dif-
fer between fall types (Kangas et al., 2012; Smeesters et al., 2001,
2007). Most of the developed models included all fall types with-
out differentiating between the mechanisms of falls which could
result in heterogeneity between results and poor prediction accu-
racy. Further, the falls data used in previously developed models
was mostly in the form of participant-reported retrospective his-
tory of falls or prospective falls in real-life over 6 months or a year
(Gates et al., 2008; Murphy et al., 2003; van Schooten et al., 2015).
With self-reporting of falls, both fall frequency and fall specifics
(type or cause) may likely not be accurate, making the reliability
of such fall prediction models questionable.

In light of the drawbacks of previous models, it is necessary to
design a fall-risk model based on laboratory-induced falls to pre-
dict falls among older adults using a multifactorial approach (van
Schooten et al., 2015). Previously, a laboratory trip-induced fall-
risk model based on gait characteristics classified trip-related fall
outcomes with 89.8% accuracy (Pavol et al., 1999). However, no
slip-induced fall-risk model has been successfully developed.

Using a direct, prospective, and experimental approach, the aim
of this study was to develop a model based on healthy older adults’
normal gait pattern to accurately predict fall-risk following an
unexpected over-ground slip in a safe laboratory environment.
We hypothesized that this model would be able to predict older
adults’ slip-related fall-risk with greater accuracy than previous
models. Additionally, a model based on clinical and demographic
measures was developed to compare its predictive capacity with
that of the model based on gait parameters. In a clinical setting,
the development of such a specific fall prediction model could help
identify vulnerable individuals with high slip-related fall-risk and
potentially facilitate development of appropriate preventive thera-
peutic strategies for older adults.

2. Method
2.1. Participants

112 community-dwelling older adults (> 65 years) were
included in this study (Table 1). All participants were screened
via questionnaires before their training session to exclude those
with neurological, musculoskeletal, cardiopulmonary, or any other
systemic disorders. All participants provided written informed
consent, approved by the Institutional Review Board of the Univer-
sity of Illinois at Chicago.

2.2. Experimental setup

All participants experienced a forward slip. The slip was
induced by releasing low-friction (coefficient of friction < 0.05),

movable platforms embedded near the middle of a 7-meter walk-
way. The platforms were firmly locked during the first eight walk-
ing trials. During the slip trial, these platforms could freely slide
forward in the anteroposterior (AP) direction for up to 60 cm. Once
a participant’s right (slipping) foot was detected by the force plates
(AMTI, Newton, MA) installed beneath the right platform (Pai et al.,
2014b), a computer-controlled triggering mechanism released the
right platform. Participants were instructed to walk with their pre-
ferred (self-selected) speed and manner, and they were informed
that a slip may or may not occur during any of the trials. They were
told that upon experiencing a slip they should try their best to
recover their balance and continue walking. All participants expe-
rienced at least one slip perturbation. The first slip trial and the
natural walking trial right before were then analyzed in this study.
On the first slip trial, preliminary analysis indicated that all partic-
ipants experienced a slip with similar intensity (peak displace-
ment: 56.7 £ 8.3 cm).

A full-body safety harness connected by shock-absorbing ropes
to a loadcell was used (Transcell Technology Inc., Buffalo Grove, IL).
The load cell was mounted to an overhead trolley on a track over
the walkway. The harness enabled participants to walk freely while
providing protection against body impact with the floor. Kinemat-
ics from a full body marker set (30 retro-reflective markers) were
recorded by an eight-camera motion capture system (Motion Anal-
ysis Corporation, Santa Rosa, CA). Kinematic data was sampled at
120 Hz and synchronized with the force plate and loadcell data,
which was collected at 600 Hz.

2.3. Outcome variables

A fall was identified when the peak load cell force during a slip
exceeded 30% of the participant’s body weight (BW) (Yang and Pai,
2011), otherwise the trial was a non-fall (recovery). In this study,
55 of the 112 participants were fallers, while the other 57 were
non-fallers. The crucial time events included slipping (always
right) foot touchdown (TD) on the slider and the following foot lift-
off (LO), which were detected from force plate data during the nat-
ural walking trial immediately prior to the first slip.

2.4. Fall-risk factors

In line with previous studies (Bhatt et al., 2011; Espy et al.,
2010a; Paterson et al., 2011; van Schooten et al., 2015), descriptive
characteristics, clinical balance scales, and gait spatio-temporal
parameters were included in our slip-induced fall predictive
model. Descriptive characteristics including age, body weight,
and body height were obtained. Fall history was obtained by par-
ticipants’ self-reported number of falls experienced in the last
12 months. Data collection for clinical balance scales such as BBS
and TUG were performed just before the experiment.

Gait spatio-temporal parameters were calculated from motion
and force data of the regular walking trial. Step length and step
width were calculated as the heel distance between both feet at
TD in the AP and mediolateral (ML) directions, respectively. Gait
speed was determined as the mean value of the center of mass
(COM) speed, which was approximated using the sacral marker
(Yang and Pai, 2014). COM relative position and velocity at TD
were calculated relative to the heel marker of the slipping foot
(Yang et al., 2008). Segment (trunk, thigh, shank, and foot) angles
in the sagittal plane were calculated based on motion-capture-
derived body segment coordinates. Segment velocity was derived
from the corresponding segment angle. Segment kinematics at
TD were included in this study. As the push off force reaches its
peak at around 100 ms prior to LO (Winter, 1989), maximum accel-
erations and GRFs for the left foot at LO in the AP and vertical direc-
tions were calculated in pre-LO (LO - 80 ms to LO - 120 ms), while
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Table 1

Predictive validity of demographic and clinical measures using univariate logistic regression (n = 112). BBS: Berg Balance Scale; TUG: Timed Up-and-Go test; SE: standard error;
Spe: specificity in percentage; Sen: sensitivity in percentage; and Acc: overall accuracy in percentage. Specificity denotes recovery prediction and sensitivity denotes fall

prediction.
Variables Mean + SD p value SE Spe Sen Acc
Weight (kg) 74.9+£15.0 0.033"* 0.013 63.2 58.2 60.7
Height (m) 1.67 £0.1 0.934 1.877 100 1.8 51.8
Age (yrs) 67.7+5.9 0.119 0.033 50.8 54.6 52.7
Gender Male: 54 0.342 0.380 52.6 56.4 54.5
BBS 53.8+2.5 0.713 0.076 75.4 32.7 54.5
TUG (s) 82+15 0.552 0.148 25.5 76.4 51.9
Fall history Yes: 48 0.092 0.387 64.9 50.9 58.0

" denotes p value < 0.05.

maximum GRFs on the right foot in the AP and vertical directions
were calculated in post-TD (TD+80ms to TD + 120 ms). This
80 ms represents the time taken for the landing foot to come to
rest (deceleration =0 m/s?) (Cham and Redfern, 2002), and the
120 ms represents the time at which the slider was in motion (with
slip distance > 5 cm) during the actual slip trial. Hence, slip inten-
sity was mainly affected by this post-TD duration. Linear momen-
tum was measured as a product of body mass and COM velocity in
the AP direction, and the momentums at TD and LO were included
in this study.

2.5. Statistical analysis

Univariate logistic regression was performed to identify vari-
ables predictive of slip-induced falls versus recovery outcomes.
Predictive accuracy were performed for each variable between fall-
ers and non-fallers at a cutoff score of 0.5 (Bhatt et al., 2011). Sub-
sequently, backward stepwise multivariate logistic regression was
performed to predict slip-induced fall based on gait parameters in
the previous walking trial. To avoid omitting any potential vari-
ables, all gait parameters were considered and entered in the pre-
dictive model (Ashburn et al., 2001; Patil et al, 2014). Any
parameters whose p value exceeded the significance criterion
(> 0.05) were removed from the multivariate model until all
parameters satisfied the criterion. Meanwhile, the variance infla-
tion factor was checked to quantify the severity of multicollinear-
ity in the model, and any variable with variance inflation factor > 5
was excluded. The AUC of the final prediction model with the high-
est receiver operating curve (ROC) was calculated. Next, to com-
pare the predictive capacity between gait parameters and clinical
measures, descriptive characteristics and clinical balance scales
were added in another prediction model using the same method.
Additionally, to verify whether or not clinical and demographic
measures could further enhance predictive capacity of the gait
parameters model, descriptive characteristics and clinical balance
scales were also added to the first model. All statistical analyses
were performed using SPSS 22 (IBM Corp, Armonk, NY).

3. Results

All 112 participants experienced a loss of balance upon experi-
encing an unexpected slip, and 55 (49.1%) failed to recover their
balance and fell, while the remaining 57 (50.9%) successfully
recovered. As shown in Table 1, weight was the only demographic
variable with a significant effect on fall incidence (p <.05), demon-
strating a prediction accuracy of 60.7%. Although fall history pro-
vided a similar predictive ability (58%), it exceeded the univariate
significance criterion (p =.09).

For gait characteristics, step length, COM relative position at TD,
right thigh angle at TD, right shank angular velocity at TD, right
foot angular velocity at TD, maximum vertical GRF in pre-LO,

momentum at TD, and momentum change from TD to LO all
achieved significance based on univariate logistic regression
(p < .05 for all, Table 2). Among these variables, momentum change
from TD to LO was the best predictor of slip outcome with the
highest predictive capability of 68.8% (p =.002) followed by right
shank angular velocity at TD with a predictive capability of 65.2%
(p=.006).

The best slip-induced fall prediction model was based on the
right thigh angle at TD, the right limb maximum GRF in the AP
and vertical directions in post-TD, and the momentum change
from TD to LO (p <.05 for all, model 1 in Table 3). The AUC was
0.802 (Fig. 1) and the highest predictive ability was 75.9% (speci-
ficity: 77.2%, sensitivity: 74.5%, Table 4) at the optimal cutoff of
49.2%.

Among the clinical and demographic measures, only body
weight and fall history contributed to fall prediction, and the over-
all prediction accuracy was 62.5% (model 2 in Table 4). Although
sensitivity (fall prediction) of this model increased by ~3.7% com-
pared to model 1, its specificity (47.4%) was much lower than
model 1. A combined model including variables from model 1
and model 2 yielded identical results to model 1 and, hence, was
not presented in Table 4.

4. Discussion

In this study, the reproduction of actual falls from an unex-
pected overground slip was used to determine the association
between slip-induced falls and demographic characteristics, clini-
cal balance scales, and gait parameters in natural walking. Our
results indicated that, of the descriptive characteristics and clinical
balance scales, body weight was the only measure which could
predict slip outcome with greater than 60% accuracy. While for gait
parameters, step length, COM relative position at TD, momentum
change from TD to LO, right thigh angle and angular velocity at
TD, all demonstrated greater than 60% prediction accuracy. The
best slip-induced fall prediction model comprised of the right thigh
angle at TD, the right limb GRF in both AP and ML directions, and
the momentum change from TD to LO, and it predicted 74.5% of
falls and 77.2% of recoveries. Conversely, the model based on clin-
ical and demographic measures could only predict 78.2% of falls
and 47.4% of recoveries.

4.1. Fall prediction based on a single predictor

Contrary to previous results (Viccaro et al., 2011; Zakaria et al.,
2015), we found neither gait speed, TUG, nor fall history were asso-
ciated with slip-induced fall-risk. One of the major factors leading
to this distinction might be the difference in fall types included in
our study compared to previous studies. Although a slow gait could
lead to instability upon encountering a slip, such instability might
be offset by an associated decrease in step length, suggesting gait
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Table 2

Predictive validity of gait characteristics using univariate logistic regression (n = 112). TD: Right foot touchdown; LO: Left foot lift off; BH: body height; BM: body mass; AP:
anteroposterior; VT: vertical; MMT: momentum; SE: standard error; Spe: specificity in percentage; Sen: sensitivity in percentage; and Acc: overall accuracy in percentage.

Specificity denotes recovery prediction and sensitivity denotes fall prediction.

Independent variables Mean + SD p value SE Spe Sen Acc
Step length at TD/BH 0.33+0.10 0.036* 3.55 68.4 54.5 61.6
Step width at TD/BH 0.10£0.03 0.642 7.26 63.2 32.7 48.2
Gait speed (m/s) 1.13+0.18 0.291 1.08 64.9 45.5 55.4
COM relative position at TD/BH 0.19 £ 0.06 0.003* 7.12 63.2 63.6 63.4
COM relative velocity at TD (m/s) 1.17+£0.20 0.313 0.99 66.7 47.3 57.1
Trunk angle at TD (rad) 1.53+0.08 0.562 2.51 66.7 36.4 51.8
R thigh angle at TD (rad) 1.94+0.12 0.006* 217 66.7 63.6 65.2
R shank angle at TD (rad) 1.79+0.15 0.128 1.47 50.9 52.7 51.8
R foot angle at TD (rad) 0.18+0.12 0.130 1.57 64.9 49.1 57.1
Trunk velocity at TD (rad/s) 0.31+0.22 0.939 0.88 100 0 50.9
R thigh velocity at TD (rad/s) 0.36+0.52 0.171 0.37 66.7 47.3 57.1
R shank velocity at TD (rad/s) -2.02 £0.65 0.025* 0.32 66.7 60.0 63.4
R foot velocity at TD (rad/s) -3.62£1.56 0.019* 0.13 59.6 56.4 58.0
L foot AP acc in pre-LO (m/s?) 16.1+5.3 0.886 0.04 100 0 50.9
L foot VT acc in pre-LO (m/s?) 9.0+34 0.317 0.06 54.4 47.3 50.9
R AP GRF in post-TD/BM -1.33+£0.57 0.105 0.34 61.4 52.7 57.1
R VT GRF in post-TD/BM 7.07 £2.19 0.829 0.09 75.4 32.7 54.5
L AP GRF in pre-LO/BM 1.48 £0.48 0.382 039 58.6 41.8 50.9
L VT GRF in pre-LO/BM 8.69+1.71 0.031* 0.11 68.4 47.3 58.0
MMT at TD (kg-m/s) 87.8+19.9 0.023* 0.01 68.4 52.7 60.7
MMT at LO (kg-m/s) 715155 0.121 0.01 68.4 43.6 56.3
MMT from TD to LO (kg-m/s) -16.3 £10.7 0.002* 0.03 73.7 63.6 68.8

" Denotes p value < 0.05.

Table 3

The components of predictive models using multivariate logistic regression (backward stepwise method). Model 1 only contains gait characteristics with p <.05, while model 2
only contains clinical and demographic measures with p <.05. The odds ratio indicates the factor by which the fall probability increases with a decrease of 1SD in the variable
across all subjects. TD: Right touchdown; LO: Left lift off; AP: anteroposterior; VT: vertical; and SE: standard error.

Model Independent variables p value SE 0Odds Ratio
1" R thigh angle at TD 0.016 2.218 1.9

R AP GRF after TD 0.007 0.993 4.56

R VT GRF after TD 0.005 0.266 0.19

MMT from TD to LO 0.004 0.033 0.37
2 Weight 0.028 0.014 1.57

Fall history 0.047 0.402 1.48

" The equation for this model is: p(fall) = 1/(1 + exp(6.44 + 5.36 x R-thigh-angle + 2.66 x R-AP-GRF - 0.75 x R-VT-GRF - 0.09 x MMT)).
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Fig. 1. Receiver operating curves (ROC) for the two fall prediction models. The areas
under the curves (AUC) for these models are 80.2 and 60.5, respectively. The circle
marker denotes the optimal cutoff for each model, the optimal cutoff for model 1 is
49.2% (specificity: 77.2%, sensitivity: 74.5%), and the optimal cutoff for model 2 is
56.9% (specificity: 47.4%, sensitivity: 78.2%). Specificity denotes recovery prediction
and sensitivity denotes fall prediction.

speed might not be related to slip-induced fall-risk (Espy et al.,
2010a). Conversely, gait speed is a key determinant for prediction
of trip-induced falls, with a faster (+0.161 m/s) gait speed found to

increase likelihood of falls by 256% following a trip (Pavol et al.,
1999). Therefore, results of studies which included all fall types
might be affected by the rate of each fall type. For example, a study
might demonstrate a significant effect of gait speed on fall-risk
when participants experienced more trip-induced falls compared
to those experiencing more slip-induced falls, leading to disparities
in the literature. This may explain findings from several studies
which suggested no relationship between gait speed and fall-risk
(Brach et al., 2005; Rispens et al., 2015).

According to our results, fall history alone could not predict risk
of slip-induced falls, although previous studies described fall his-
tory as a strong predictor of future falls (Edwards et al., 2011;
Toebes et al., 2012). This could be due to the fact that retrospective
fall incidence data collection was not fall-specific. However, after
combining participants’ fall history with body weight, fall history
became statistically significant for fall prediction, indicating that,
as a predictor, fall history might only be suitable for specific indi-
viduals with higher or lower body weight.

Besides fall type differences, differences in functional mobility
status of participants could also contribute to these distinctions.
Previous studies proposed TUG score could identify individuals at
risk of falling with a threshold of ~15s (Gietzelt et al., 2009;
Zakaria et al., 2015). However, none of our participants were
beyond this 15 s threshold (Table 1), yet ~50% of them failed to
recover their balance upon an unexpected slip, indicating that
TUG might have a ceiling effect with the test failing to identify
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Table 4

Specificity, sensitivity, overall accuracy, and likelihood ratio of slip outcome for the
models in Table 3. The specificity and sensitivity was calculated at optimal cutoff
(shown in Fig. 1), specificity denotes recovery prediction and sensitivity denotes fall
prediction. Spe: specificity in percentage; Sen: sensitivity in percentage; Acc: overall
accuracy in percentage.

Model Spe 95%CI Sen 95%CI Acc Likelihood Ratio
1 77.2 66-88 74.5 63-86 75.9 3.27
2 47.4 34-60 78.2 67-89 62.5 1.49

fallers among elderly individuals with normal mobility. Addition-
ally, one of the principal variables influencing TUG results is walk-
ing speed, which, according to our results, is not a factor
significantly impacting slip-induced fall-risk. Moreover, it can be
argued that normal functional mobility shown by performance of
volitional tasks (self-generated perturbation) might not necessarily
indicate effective reactive balance control, which is required for
successful recovery from an unannounced slip. In line with our
results, Beauchet et al proposed that predictive ability of the TUG
test for future falls was limited and TUG performance was only
associated with fall history (Beauchet et al., 2011).

Fall prediction analysis showed COM relative position at TD
could predict 63.4% of slip outcomes (Table 2), while COM relative
velocity at TD was not related to slip outcomes. Both of these vari-
ables are constituents of a dynamic gait stability measure which
could predict slip outcomes with a certainty of 62% (Bhatt et al.,
2011). However, it has been shown that COM relative position at
TD has a significantly greater correlation with dynamic stability
than COM relative velocity (Yang and Pai, 2013). This could explain
why COM relative velocity was not a significant predictor. Further,
COM velocity is closely related to gait speed (Espy et al., 2010b)
which was also not a significant predictor. Other variables such
as step length, thigh angle, and shank angular velocity also individ-
ually demonstrated only moderate overall accuracy, which is con-
sistent with previous studies (Espy et al., 2010a; Verghese et al.,
2009). These findings could be attributed to the biomechanical
association of these variables with dynamic stability, thereby influ-
encing fall-risk. For example, shorter step length and smaller right
thigh angle (more vertical), could all shorten the distance from the
COM to the slipping foot, hence lowering the likelihood of a fall
upon slipping. Moreover, a smaller right shank swing velocity
results from a larger knee flexor moment (to decelerate the knee
extension), which could decrease slip intensity, resulting in a
greater possibility of recovery (Yang and Pai, 2010).

Of these parameters, linear momentum change from TD to LO
demonstrated the best prediction accuracy for slip outcomes
(Tables 2), as a sufficient momentum could displace the COM for-
ward from its current position to catch up with the forward mov-
ing base-of-support during a slip (Bhatt et al., 2005). To maintain
that forward momentum, sufficient and timely counterbalancing
joint moments need to be generated (Liu and Lockhart, 2009). A
larger decrease in linear momentum from TD to LO might reflect
an age-related decline in voluntary muscle strength or the rate of
muscle force production, thereby increasing the likelihood of
slip-induced falls (Doherty, 2001).

4.2. Fall prediction based on multiple predictors

The best fall prediction model based on gait parameters
involved right thigh angle at TD, right GRF in both AP and vertical
directions, and the momentum change from TD to LO (model 1).
The AUC (0.802) and the overall prediction accuracy (75.9%) of this
model were significantly higher than those seen in other fall-risk
prediction studies (Bhatt et al., 2011; Paterson et al., 2011;
Sterke et al., 2012; van Schooten et al., 2015). As previously men-

tioned, the thigh angle was related to dynamic stability, and
momentum change was related to the necessary joint moments.
While the vertical GRF was related to the limb support against
gravity, which is also a key factor affecting slip outcomes (Yang
et al,, 2011), the GRF in AP direction was actually the braking force
which directly determined slipping intensity and fall-risk (Bhatt
et al,, 2006). Consistent with previous studies, the best model
based on demographic characteristics and clinical balance scales
only predicted slip outcomes with an overall accuracy of 62.5%,
and these variables could not further improve predictive ability
when added to the gait parameter model. Thus, these results indi-
cate that gait parameters could significantly increase fall-
prediction compared to the gold-standard clinical balance mea-
sures (Bhatt et al., 2011; Greene et al., 2010) and known demo-
graphic fall-risk predictors (body weight and fall history)
(Edwards et al., 2011; Toebes et al., 2012).

Our findings could have significant clinical implications with
regards to fall prevention. Besides providing a higher prediction
accuracy of slip-induced fall-risk, a specific fall-risk model could
also provide information about the type of future fall one is suscep-
tible to with regards to impact location and/or the potential frac-
ture type they could experience (Nevitt et al., 1993; Smeesters
et al., 2001). Using this kind of model, at-risk individuals could
wear a precautionary protective device (i.e. wrist guide and wear-
able airbag) to prevent specific injury or fracture (Kim et al., 2006;
Tamura et al., 2009). Furthermore, a targeted fall prevention proto-
col could be more effective for training individuals at high-risk for
a specific fall type (Healey et al., 2004). For example, slip training
could be used for individuals at risk of slip-induced fall (Pai and
Bhatt, 2007), while for individuals at risk of trip-induced fall, trip
training could be helpful (Rosenblatt et al., 2013).

In contrast to previous models (Hausdorff et al., 2001; Liu et al.,
2012), model 1 in this study was based on easily alterable gait
kinetic and kinematic parameters, thus, it is reasonable to postu-
late that older adults could decrease their risk for slip-induced falls
by adjusting their regular gait pattern. For example, individuals
could maintain their forward momentum and also increase their
chances for execution of an effective recovery step by controlling
their thigh angle at TD to shorten the distance between COM and
leading foot. Such a strategy would help shif their COM immedi-
ately towards the leading foot to weaken the braking force and
enhance the vertical support force on the leading limb after TD,
and hence generating a larger push-off force with the trailing limb
(Pijnappels et al., 2005). Our results suggest that, during an unex-
pected slip, proper placement of the leading foot could reduce slip
intensity, and proper placement of the trailing foot could rebuild
the base-of-support as well as enhance limb support, resulting in
a lower fall-risk. Therefore, protocols for improving control of foot
placement, such as Tai-Chi, step training, and perturbation training
(Nnodim et al., 2006; Pai et al., 2014a; Park et al., 2016), could be
helpful for at-risk individuals.

The current study successfully developed a slip-induced fall
prediction model based on healthy older adults’ normal gait pat-
tern and compared its predictive capacity with the one based on
clinical and demographic measures. The results could potentially
be limited by slips delivered always on the right leg as the domi-
nant leg could be different between participants which could mod-
ify some outcome variables. However, given that within the large
sample size included, there were only four left-dominant partici-
pants, it is reasonable to conclude that our results can be general-
ized to older adult population. Furthermore, individuals might
have possibly adjusted their gait pattern in preparation for the
upcoming slip, hence future studies should collect electromyogra-
phy data to examine any proactive changes occurring prior to slip
onset (Mueller et al., 2018). Finally, the cost of implementation of
our model would be higher than the traditional clinical and



6 S. Wang et al./Journal of Biomechanics 96 (2019) 109334

demographic models, however, the variables included in our model
could be easily measured using wearable sensors (Liu et al., 2010;
O’Donovan et al., 2007; Tanaka et al., 2004; Yeoh et al., 2008). For
example, an inertial sensor system could provide joint angle and
velocity data during gait, while the force data could be collected
by GRF sensors using specialized footwear. Moreover, there is an
increasing use of wearable motion systems in clinical practice
and research due to its portability and user-friendliness. Further
it is expected that commercially available wearable systems would
become more cost-efficient in the future (Fletcher et al., 2010; Soh
et al., 2015).

In conclusion, we found the gait parameter model was able to
provide a higher predictive accuracy than previous slip-induced
fall-risk models. The findings of this study are significant as they
have the potential to enhance preventive interventions for individ-
uals at high-risk for slip-induced falls and contribute towards
development of specific therapeutic strategies for fall prevention.
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