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Abstract: This study aimed to determine grip strength data for Turkish dentistry
students and developed prediction models that allow: i) investigation of the relationship between grip strength and hand anthropometry using artificial neural networks (ANNs) and stepwise regression analysis, ii) prediction of the grip strength
of Turkish dentistry students, and iii) assessment of the potential impact of hand
anthropometric variables on grip strength. The study included 153 right-handed
dentistry students, consisting of 81 males and 72 females. From 44 anthropometric
and biomechanical measurements obtained from the right hands of the participants;
five anthropometric measurements were selected for ANN and regression modeling
using stepwise regression analysis. We included stepwise regression analysis results
to assess the predictive power of the neural network approach, in comparison to a
classical statistical approach. When the model accuracy was calculated based on
the coeﬃcient of determination (R2 ), the root mean squared error (RMSE) and the
mean absolute error (MAE) values for each of the models, ANN showed greater predictive accuracy than regression analysis, as demonstrated by experimental results.
For the best performing ANN model, the testing values of the models correlated
well with actual values, with a coeﬃcient of determination (R2 ) of 0.858. Using
the best performing ANN model, sensitivity analysis was applied to determine the
eﬀects of hand dimensions on grip strength and to rank these dimensions in order
of importance. The results suggest that the three most sensitive input variables are
the forearm length, the hand breadth and the finger circumference at the first joint
of digit 5 and that the ANNs are promising techniques for predicting hand grip
strength based on hand breadth, finger breadth, hand length, finger circumference
and forearm length.
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1.

Introduction

Hands are naturally essential for daily activities such as pushing, supporting the
body in space or manipulating objects [19]. It is thus important to use hand
anthropometry to design objects that will be used by human hands. Examples of
such objects are machine guards, hand tools, and luggage handles [37]. As grip
is necessary for most of the daily physical activities, grip strength is frequently
considered in clinical settings as an indicator of overall physical strength and health
[2, 25, 33]. Human grip strength is required for operating equipment in production
and processing activities. For these reasons, the assessment of grip strength is
crucial in order to provide information about work capacity. This information
can be considered useful for designing equipment, workstations, and tasks to fit
the grip strength of distinct populations by reducing the requirement for force to
accord with the muscular strength [4].
Due to the lack of hand anthropometrics and grip strength data for the Turkish
population, most of the hand tools used in Turkey are made in countries like the
United States of America, Japan, the United Kingdom, Taiwan and China, and
these imported hand tools have been designed based on the user anthropometrics
of the exporting nation. A recent study has provided insights about Turkish hand
dimensions and biomechanics relevant to the design of dental tools meant for the
Turkish population [3], which is obviously of great interest to Turkish dentists.
The eﬀect of demographic characteristics and anthropometric measurements on
hand grip strength has been investigated in several studies including analyzing the
correlations between hand dimensions and maximal grip strength and investigating
the eﬀects of handle grip span and user’s hand dimension on maximum grip strength
[23]. Predictive models were developed for predicting grip strength [45]; estimating
hand length and grip strength [28]; estimating peak pinch strength [12]; estimating
grip strength and endurance [33]; estimating grip strength [49], and modeling grip
strength [32] using diﬀerent methodologies. Regression analysis was conducted
to estimate grip strength using other strength measurements rather than body
dimensions [9, 11]. A non-linear statistical approach has been applied to predict
strength using age parameter [47].
This study aimed to determine grip strength data for Turkish dentistry students
and developed predictive models that allow: i) investigation of the relationship between grip strength and hand anthropometry using ANNs and stepwise regression
analysis, ii) prediction of the grip strength of Turkish dentistry students, and iii) assessment of the potential impact of hand anthropometric variables on grip strength.
The performance of proposed models in this study was compared to a classical statistical approach to gain an idea about the predictive power of the neural network
approach in terms of accuracy of prediction. Three such criteria are here denoted
by coeﬃcient of determination (R2 ), root mean square error (RMSE), and mean
absolute error (MAE) values.
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2.

Material and methodology

2.1

Participants

The study groups comprised 153 healthy dentistry students (81 males, 72 females).
The population was aged between 18 and 30 years. The average values and standard
deviations of age, height and weight of the subjects were 22.06 ± 2.14 years, 169.83
± 8.80 cm, and 67.41 ± 12.72 kg, respectively. To make our study sample as
homogeneous as possible, three left-handed students were excluded at the beginning
of the study. Therefore, all the participants were right-handed, and measurements
were taken for the right hand only. The participants were informed about the study
and they each indicated their willingness to participate by signing a ‘Consent to
Participate’ form. This study was approved by the Institutional Review Board for
Research with Human Subjects at Cukurova University. At the time of the study,
none of the participants reported a hand injury or disability. Three researchers
were trained to take the measurements in this survey by practicing on themselves.
Measurements were taken daily between 08:00 to 17:00 and data were collected
over a period of two months.

2.2

Apparatus and measurements

Forty-four hand anthropometric and biomechanics measurements were obtained
from right hands. Five anthropometric measurements were selected from these
forty-four variables measurements for estimating grip strength as inputs for the
ANN model development, these being hand breadth, finger breadth, finger circumference, hand length, and forearm length.
Hand breadth and finger breadth were measured using an electronic digital
caliper, with an accuracy of 0.01 mm (Fig. 1(a) and 1(b)); hand length and forearm
length were measured using a digital tape measure, with an accuracy of 1 mm
(Fig. 1(d) and 1(e)); finger circumference of the first digit was measured using a
finger circumference gauge, with an accuracy of 1.58 mm (Fig. 1(c)). Grip strength
was measured using a Baseline digital handgrip dynamometer (Baseline Corp.,
Irvington, New York). Grip strength testing was conducted in accordance with
the guidelines previously stated by the American Society of Hand Therapists [15].
Participants were seated, with the elbow against the side of the body and the
lower arm at a right angle to the body (Fig. 1(f)). The hand was parallel to
the body and the wrist was bent slightly backward. The span was adjustable
with five diﬀerent grip distances available depending on comfortable gripping. The
comfortable position of the grip span for participants was between 35 mm and 59
mm. and participants performed three grip tests with a 1-minute rest between
trials. It is recommended that three seconds or less is usually suﬃcient to register
a maximum reading [43]. In our study, participants were instructed to squeeze
gradually and continuously for at least two seconds and were encouraged to do
their best when performing the tests.
The measurements were recorded in kilograms and the averaged grip strength
measures were analyzed. Before testing, the examiner (the first author) demonstrated how to operate the dynamometer. The definitions and technique of measurements correspond to existing guidelines [29, 18] and these are summarized
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Hand dimensions [mm] and grip
strength [kg]
(1) Hand breadth across thumb

(2) Breadth at first joint of digit 5

(3) Circumference at first joint
of digit 5
(4) Hand length

(5) Forearm length
(6) Hand grip strength

Definition
The breadth of the hand measured at
the level of the distal end of the first
metacarpal of the thumb.
Hand is extended and palm is facing
down; maximum breadth of the first joint
of digit.
Hand is extended and palm is facing
down; maximum circumference of the first
joint of digit.
The distance from the base of the hand
to the top of the middle finger measured
along the long axis of the hand.
The distance from the tip of the elbow to
the tip of the styloid process of the radius.
The shoulder is adducted and neutrally
rotated, the elbow flexed to 90 degrees,
and the forearm and wrist is in a neutral
position.

Tab. I Hand dimensions and grip strength definition [19, 20].

in Tab. I. In this study, we only included the measurement details for five hand
dimensions and grip strength data, please refer to a recent study [3] for all the
measurements and definitions used.

2.3
2.3.1

Methods
Stepwise regression analysis

Regression analysis is used to estimate the relationship among variables including
a dependent variable and one or more independent variables. More specifically,
regression analysis tries to explain variations in the dependent variable y through
movements in the k explanatory (independent) variables x1 , x2 , . . . , xk . The general
form of the linear regression model is:
yi = f (xi1 , xi2 , . . . , xik )+ ∈i ,
yi = β0 + β1 xi1 + β2 xi2 + · · · + βk xik + ∈i .

(1)

Stepwise regression analysis is simply a combination of backward and forward procedures and is probably the most preferable approach [10] when there are a large
number of independent predictor variables that might have an eﬀect on the response variable. The main reason for applying stepwise regression analysis in this
study is that we have a large number of input variables. The larger is number of
input variables, the greater are the benefits shown by stepwise regression [30, 39].
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Fig. 1 Hand dimensions and grip strength; refer to definitions in Tab. I. (a) Hand
breadth, (b) Finger breadth, (c) Finger circumference, (d) Hand length, (e) Forearm
length, (f ) Grip strength.

Stepwise regression analysis looks at one particular question: whether or not
removing a particular independent variable reduces the predictive eﬃciency of the
model [36]. Stepwise regression is a type of multiple regression analysis. However,
it diﬀers from the standard multiple regression techniques. Stepwise regression introduces independent variables sequentially based on partial-F statistics; therefore,
the best model is selected according to the most significant variables. During this
iteration, the accuracy of the selected model is not aﬀected significantly [27]. If
F > Fα (the variable included is statistically significant), the variable should be
entered in this equation. If F < Fα (the variable is not significant), and the final
model constitutes the equation from the previous iteration.
2.3.2

Brief overview of ANNs and model parameters

ANNs are mathematical models of the human brain that mimic the functioning
mechanism of biological neural networks. Basically, ANN performs the function
of nonlinear mapping or pattern recognition. In other words, by using ANN it is
possible to model complex and non-linear systems [34]. The proper selection of
neural network architecture is a crucial decision for accurate prediction [41, 21].
In this study, three diﬀerent types of ANN topologies were used and compared
with each other: Multilayer perceptron (MLP), Radial Basis Function (RBF), and
Generalized Feed Forward (GFF). All these neural network architectures were constructed with one and two hidden layers, with two training (weight update) algorithms of batch versus online (incremental), and two diﬀerent algorithms (L:
Levenberg-Marquardt, M: Momentum) were applied in order to identify the best
training result.
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The summary of parameters defined in this research is as follows:
– number of hidden layers = 1, 2,
– number of neurons in a hidden layer = varies from 1 to 50,
– number of output layer units = 1,
– momentum coeﬃcient = 0.6,
– learning rate = 0.3,
– maximum number of epochs to train = 1000,
– error goal to stop training = 0.
2.3.3

Performance metrics

Performance metrics were used for calculating the error (diﬀerence between actual
and predicted values) in the model. There are several performance metrics including coeﬃcient of determination (R2 ), mean square error (MSE), root mean square
error (RMSE), mean absolute error (MAE), and mean absolute error (MAE).
In this research, and in order to calculate the performance of ANN models,
model accuracy was evaluated based on the coeﬃcient of determination (R2 ),
RMSE, and MAE values between the predicted and actual values. The following Eqs. (2), (3) and (4) were used for this calculation:
∑
n

(Pi − Ai )

 i=1
R2 = 1 − 
n

∑

i=1

A2i

2






v
u n
u1 ∑
2
RMSE = t
(Pi − Ai ) ,
n i=1
1∑
MAE =
|(Pi − Ai )|
n i=1

(2)

(3)

n

(4)

where Ai and Pi were the actual and predicted values, respectively, n is the total
number of testing records, and i = 1, 2, 3, . . . , n.
2.3.4

Sensitivity analysis

Sensitivity analysis was performed based on trained ANNs and implemented as an
approach to determine the cause and eﬀect relationship between the independent
and dependent variables [7]. In sensitivity analysis, a matrix of values was created
containing information for each input/output combination computed as a percentage such that the sum of all sensitivity values for a particular output totals 100%
[31].
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While evaluating sensitivity analysis, the learning unit needs to be in oﬀ-mode
so that the network weights are unchanged. The main purpose is to track the
percentage change in the output value after a small change in the input value [35].
Except for the first input value, the remaining input values are not changed
based on their mean values. The output value is calculated based on the percentage
change of the corresponding mean value. The calculation step is repeated and
summarized for each input and output value based on the variation diﬀerence [40].
This research was conducted according to the sequence of steps illustrated in Fig. 2.

3.

Results and discussion

3.1

Descriptive statistics and diﬀerences between
populations

As a starting point, we performed the basic descriptive statistical analysis, including
mean and standard deviation of the input and output variables used in the model
construction (Tab. II). Handgrip strength was used to compare with Indian (n =
95 female) [28], South Indian (n = 128 male) [14], Jordanian (n = 120 female, n =
115 male) [24], American (n = 26 female, n = 29 male) [26], Malaysian (n = 212
male) [20] and British (n = 92 female) [8] populations.

Hand dimensions [mm] and grip strength [kg]
Breadth at first joint of digit 5
Circumference at first joint of digit 5
Hand breadth across thumb
Hand length
Forearm length
Grip Strength

Females (n = 72) Males (n = 81)
Mean
SD
Mean
SD
11.96
38.07
91.48
172.18
248.97
27.06

0.64
3.19
5.09
8.14
15.38
4.27

13.96
44.41
104.51
190.67
273.98
43.45

0.78
3.13
6.06
9.84
16.20
6.34

Tab. II Descriptive statistics of input and output variables used in the model construction.
Based on the comparison results, the handgrip strength of Turkish males were
significantly stronger than South Indian males and significantly weaker than American males. The handgrip strengths of Turkish females were significantly stronger
than other populations except for British females. These diﬀerences have implications for use of hand tools that have been designed based on the anthropometry and
biomechanics of the industrialized countries’ (ICs’) home population and exported
for local use in Turkey (Tabs. III, IV, V and VI).

3.2

Stepwise regression analysis

Partial F statistics were calculated for each step at a five percent level of significance for model selection. To elucidate the gender eﬀect, additional stepwise
609
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Fig. 2 ANN flow diagram used in this study.
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43.45

6.34

43.05

11.6

Jordanian
Mean
SD
41.20

12.00

Malaysian
Mean
SD
32.05

3.43

South Indian
Mean
SD
54.88

9.34

American
Mean
SD

0.28

0.92

1.60

5.17

Turkish vs. Malaysian
t
%Diﬀ
16.83**

26.23

Turkish vs. South Indian
t
%Diﬀ
7.29**

-26.30

Turkish vs. American
t
%Diﬀ

27.06

4.27

20.36

3.24

Indian
Mean
SD
24.21

7.24

Jordanian
Mean
SD

27.90

4.42

British
Mean
SD

20.40

5.41

American
Mean
SD

11.53**

24.76

3.03**

10.53

Turkish vs. Jordanian
t
%Diﬀ

1.22

-3.10

Turkish vs. British
t
%Diﬀ

6.34**

24.61

Turkish vs. American
t
%Diﬀ

Tab. VI Comparison of grip strength between Turkish female dentistry students and other nationalities. ∗ Statistically significant
(p < .05); ∗∗ Statistically significant (p < .01). % Diﬀerence = 100x (Mean for Turkish – Mean for comparison nationality)/Mean
of Turkish.

Grip strength [kg]

Turkish vs. Indian
t
%Diﬀ

Tab. V Summary data of grip strength of Turkish female dentistry students and other populations (n = 72).

Grip strength [kg]

Turkish
Mean
SD

Tab. IV Comparison of grip strength between Turkish male dentistry students and other nationalities. ∗ Statistically significant
(p < .05); ∗∗ Statistically significant (p < .01). % Diﬀerence = 100x (Mean for Turkish – Mean for comparison nationality)/Mean
of Turkish.

Grip strength [kg]

Turkish vs. Jordanian
t
%Diﬀ

Tab. III Summary data of grip strength of Turkish male dentistry students and other populations (n = 81).

Grip strength [kg]

Turkish
Mean
SD
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regression analyses were conducted separately for males and females. These preliminary analyses indicated that the only diﬀerence on independent variables was finger
circumference. A larger proportion of the population (both males and females) input variables were therefore included to improve the accuracy and reliability of
the prediction of hand grip strength. Based on the combined gender analysis; finger breadth, hand length, finger circumference, forearm length, and hand breadth
are the only significant predictive variables identified by the partial F statistics.
All these analyses were conducted using the SPSS software package (Version 18.0
for Windows). Tab. II shows the descriptive statistics for all inputs chosen for
estimation.
In this model, the major variability was explained by the five independent
variables. The prediction equation of grip strength with breadth at the first joint
of digit 5 (x1 ), hand length (x2 ), circumference at the first joint of digit 5 (x3 ),
forearm length (x4 ), and hand breadth across thumb (x5 ) is as follows:
yi = 1.547x1 + 0.111x2 + 0.506x3 + 0.125x4 + 0.252x5 − 83.054.

(5)

As seen from the regression equation above, all independent variables aﬀected hand
grip strength positively.

Fig. 3 Regression plot between actual and predicted test data of the grip strength
(n = 38).
Predicted versus measured (actual) grip strength testing data and complete data
are plotted in Figs. 3 and 4, respectively. The R-squared value of the prediction by
the regression model on the test data is 0.8141 (Fig. 3). The result from analysis
using pairwise t−test shows that there was no significant diﬀerence at the alpha
value of 0.05 (p = 0.946) between actual and predicted grip strength testing data
based on the regression analysis (Fig. 3).
The R-squared value of the prediction by the regression model on all data is also
included. As can be seen from Fig. 4, the coeﬃcient of determination (R2 ) between
actual and predicted grip strength data based on the regression model is 0.754. We
can conclude that Fig. 3 demonstrates that the predicted versus measured grip
strength testing data fits the target line (predicted equal to measured) better than
what is the case for complete grip strength data in Fig. 4.
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Fig. 4 Regression plot between actual and predicted grip strength data (n = 153).
The result from analysis using a pairwise t−test shows that there was no significant diﬀerence at the alpha value of 0.05 (p = 0.954) between actual and predicted
grip strength data based on the regression analysis (Fig. 4).

3.3

ANN model development

The selected independent variables were used as inputs in the neural networks.
The first issue here is the division of the data into the training, cross-validation
and test sets. We used an ‘N-fold cross validation’ method to interrogate the
dataset. Using this method, 153 samples were randomly divided into three groups:
92 samples were used as a training parameter (153 × 0.6 ≈ 92), 23 samples for
cross-validation (153 × 0.15 ≈ 23) and 38 samples (153 × 0.25 ≈ 38) were used as a
testing parameter. We used the ‘Leave N out’ option. This allows use of the entire
data set for model validation, re-training the “best” model up to one hundred times
with the final result being completely out of sample [31].
The initial weights are usually randomly selected while designing neural networks [42]. The use of varied random initial weights on each run could generate
diﬀerent outcomes [6]. They are adjusted continuously up to their best values as
the network learns from the inputted data and adapts its output data accordingly.
In our study, five independent runs were made on each topological model in order
to get the best result.
A total of twelve diﬀerent combinations were determined by using Neuro-Solutions
software (v. 6.27 Neuro Dimension Inc., Gainesville, Florida, USA). The model results obtained for the data set in terms of the coeﬃcient of determination (R2 ),
RMSE, and MAE are presented in Tab. VII. From this result, it may be observed
that MLP-2-O-M (Multilayer perceptron with two hidden layers and online processing using the Momentum algorithm) model produced better prediction than
other models.
The training and cross validation report for MLP-2-O-M model is shown in
Fig. 5. The training and cross validation termination criterion was set at mean
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Model
RMSE
MLP-1-O-M
MLP-1-B-L
RBF-1-B-L
GFF-1-B-L
MLP-2-B-L
MLP-1-B-M
MLP-2-O-M
MLP-2-B-M
GFF-1-O-M
GFF-1-B-M
RBF-1-O-M
RBF-1-B-M

4.69
4.22
4.61
4.41
5.50
5.87
4.47
5.10
4.74
5.75
4.90
5.80

Training
Cross validation
Testing
R2
MAE RMSE
R2
MAE RMSE
R2
MAE
0.783
0.821
0.785
0.805
0.778
0.697
0.801
0.741
0.783
0.686
0.757
0.738

3.57
3.40
3.61
3.50
4.80
4.65
3.47
4.09
3.52
4.62
3.78
4.60

5.19
5.03
4.57
5.04
5.35
4.44
5.10
4.49
5.57
4.25
4.29
5.14

0.659
0.645
0.707
0.650
0.612
0.729
0.667
0.723
0.632
0.745
0.759
0.707

3.81
4.00
3.57
3.91
4.30
3.31
3.87
3.12
4.01
2.98
3.15
4.34

4.06
4.14
3.97
4.16
5.65
5.29
3.84
4.59
4.01
5.24
4.44
5.62

0.845
0.837
0.846
0.832
0.731
0.746
0.858
0.801
0.854
0.736
0.812
0.780

3.29
3.40
3.16
3.49
4.42
4.03
3.20
3.55
3.24
3.96
3.45
4.71

Tab. VII Comparison of diﬀerent neural network architectures.

Fig. 5 Change in training and cross validation MSE values versus epoch values of
MLP-2-O-M model.
square error (MSE) of 0.01. The validity of the ANN model was tested by using
the same performance measures.
The comparison of desired and MLP-2-O-M neural network output is illustrated
in Fig. 6. It was shown that the neural network outputs closely follow the actual
values.
Fig. 7 provides information about the coeﬃcient of determination (R2 ) between
actual and predicted grip strength testing data based on the best topology of the
ANN model. The testing values of the models correlated well with the actual
values, with coeﬃcient of determination (R2 ) of 0.8587 which indicated that the
ANN model can accurately predict the grip strength with respect to the actual
values. The results from analysis using the pairwise t−test shows that there was
no significant diﬀerence at the alpha value of 0.05 (p = 0.841) between actual and
predicted grip strength testing data based on the ANN network (Fig. 7).
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Fig. 6 Comparison of desired and MLP-2-O-M neural network outputs.

Fig. 7 Coeﬃcient of determination (R2 ) between actual and predicted grip strength
testing data based on the ANN network.
To see all the values, the R-square of the prediction by the ANN model on
all data is included. As can be seen from Fig. 8, the coeﬃcient of determination
(R2 ) between actual and predicted grip strength data based on the ANN model is
0.8027.
The result from analysis using pairwise t−test shows that there was no significant diﬀerence at the alpha value of 0.05 (p = 0.516) between actual and predicted
grip strength data based on the ANN network (Fig. 8).

3.4

Performance comparison of models

To determine the most accurate approach between the two methodologies applied
in this research, both models were compared to each other on the same basis using
performance metrics. When the model accuracy was calculated based on the R2 ,
RMSE, and MAE values, the ANN model demonstrated better predictive accuracy
615
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Fig. 8 Coeﬃcient of determination (R2 ) between actual and predicted grip strength
data based on the ANN network.
than stepwise regression analysis for predicting grip strength (Tab. VIII). By using
ANN it is possible to model complex and non-linear systems. Thus, this was
an expected result, mainly because the grip strength depends on many diﬀerent
hand anthropometric variables, and the relations between these factors are highly
nonlinear and complex.

Testing data (n = 38)
All data (n = 153)

MAE

ANN
R2

RMSE

3,21
3.46

0.8581
0.8027

3.84
4.42

Stepwise regression analysis
MAE
R2
RMSE
3.51
3.85

0.8141
0.754

4.37
4.89

Tab. VIII Performance comparison of ANN and stepwise regression models.

3.5

Sensitivity analysis results

In the previous section, ANN was noted as the best predictive model for the dependent variable based on performance values. Thus, sensitivity analysis was performed, based on the trained ANN and developed under NeuroSolutions, version
6.27. A sensitivity analysis was conducted using the best network (MLP-2-O-M)
selected to identify the degree to which the independent variables (inputs or hand
breadth, finger breadth, hand length, finger circumference and forearm length) contribute to the determination of the dependent variable (grip strength). Based on
the sensitivity analysis results, the eﬀect of each input variable of developed ANN
model on predicted were ranked based on the normalized sensitivity weights.
Grip strength value increased while all independent values increased. Fig. 9
illustrates the sensitivity of input variables versus grip strength. Based on the
results in Fig. 9, three input variables, namely the forearm length, the hand breadth
616
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Sensitivity

and the finger circumference at the first joint of the 5-th digit were found to be
the most eﬀective parameters (i.e., contributed more than 70% of the normalized
sensitive weightings). Conversely, finger breadth at the first joint of the 5-th digit
and hand length, were found to be the least eﬀective parameters.

0,35
0,3
0,25
0,2
0,15
0,1
0,05
0
Finger breadth
at first joint of
digit

Hand length

Finger
circumference
at first joint of
digit

Forearm
length

Hand breadth
Grip Strength

Input variable

Fig. 9 Sensitivity of input variables versus grip strength output.
A neural network model development needs a significant statistical analysis in
order to understand the data and process flows [13]. To compute the performance
of the ANN and regression models, the set of independent variables for hand grip
strength have been selected by stepwise regression analysis and were used as inputs
for both models. Until now there have been several studies conducting stepwise
regression analysis before applying the neural network modeling [5, 22, 38, 46, and
1]. It must be stated that stepwise regression analysis may not be the optimum
one for ANN, and diﬀerent approaches should be tried for further studies. As the
training of ANN is a continuous process, the databank should also be updated by
measuring new dimensions for a better-trained ANN. Furthermore, the developed
ANN model can be used to examine the importance of hand anthropometry for
gripping and might have important applications in hand tool design for manual
handling. A larger sample of data, including dentists, might be considered as a
future work to better diﬀerentiate age characteristics.

3.6

Comparison with previous models

A larger proportion of the population (both males and females) as input variables
were included to improve the accuracy and reliability of the prediction hand grip
strength. Thus, the gender eﬀect was not considered and grip strength was predicted for all participants (both genders).
We compared predicting accuracy based on the RMSE values to gain knowledge
about the predictive power of the neural network and regression model built in this
study, in comparison to previous studies [48, 16, 17, and 44]. The current study
and Wang et al. (1987) [48] included only hand anthropometric variables; Hanten
et al. (1999) [16] and Hossain et al. (2011) [17] included other easily obtainable
variables other than hand anthropometric variables. Recently, Sung et al. (2015)
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[44] included hand anthropometric and other variables. Based on the results of
combined gender analysis in Tab. IX, the calculated RMSEs of both genders were
4.37 and 3.84, indicating that the predictive accuracy for regression and ANN
models generated in current study demonstrated better predictive accuracy than
the models in previous studies.
Prediction models
Current Study (ANNs)
Current Study (Regression)
Wang et. al. (1987)
Hanten et.al. (1999)
Hossain et al. (2011)
Sung et al. (2015) (ANNs)
Sung et al. (2015) (Regression)

RMSE values for all participants
(both males and females)
3.84
4.37
146.80
65.79
172.91
11.75
36.06

Tab. IX Comparison of grip strength prediction accuracy based on RMSE values.

4.

Conclusions

In this study, ANN modeling approach has been employed to relate hand breadth,
finger breadth, hand length, finger circumference and forearm length to hand grip
strength. When the performance values were computed, the predicted values generated by ANN were found to be satisfactory. This implied that the five input
variables selected were reliable in predicting the grip strength. In addition to the
ANN model, we performed a stepwise regression analysis to have an idea about
the predictive power of the neural network approach, in comparison to a classical statistical approach. When the model accuracy was calculated based on the
coeﬃcient of determination (R2 ), the root mean squared error (RMSE) and the
mean absolute error (MAE) values for each of the models, ANN had better predictive accuracy than regression analysis, as demonstrated by experimental results.
In addition, this finding was extended by the three most sensitive input variables
identified by the sensitivity analysis on the best network selected. The three most
sensitive variables, which together contributed more than 70% of the normalized
sensitive weightings, were the forearm length, the hand breadth and the circumference at first joint of digit 5. It was found that grip strength value increased while
all the independent values increased.
Based on the grip strength protocol described in previous sections, the direct
measurement of grip strength requires considerable motivation on the part of the
subject. For this reason, direct measurement of the grip strength takes considerable time when a sample size is too large. In this study, all data (forty-four hand
anthropometric and biomechanics measurements) were collected over a period of
two months. The authors had estimated the time used to measure the five hand
dimensions. Based on our study population (n=153), it took at least one week
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to complete all participants measurements, depending on the subject’s availability. Thus, we claimed that estimating grip strength by measuring the five chosen
anthropometric measurements is less time-consuming than direct measurement by
dynamometer. On the other hand, training data should include large number of
sample group because of the act that the reliability of neural network approach depends heavily on being able to learn from past events. Thus, adopting a predictive
model may not be suitable and reliable for a small subject group, such as 10 to 20
participants.
In summary, ANN and stepwise regression analysis examined the relationship
between grip strength and hand anthropometry. We concluded that there is a
strong influence of hand anthropometric variables on grip strength. On the basis
of the results obtained, with the help of ANN, we can predict the hand grip strength
easily and accurately based on various hand dimensions.
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