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Abstract 

Background  Depression has a detrimental effect on an individual’s mental and musculoskeletal strength multiplying 
the risk of fall incidents. The current study aims to investigate the association between depression and falls in older 
adults using machine learning (ML) approach and identify its various predictors.

Methods  Data for the study was derived from the Longitudinal Ageing Study in India, (LASI) conducted in 2017–18 
for people aged 45-years and above. The study was carried out on 44,066 individuals. Depression was measured 
using the CIDI-SF scale. Bivariate cross-tabulations were used to study the prevalence of falls. And its association 
with depression and other independent factors were assessed using the novel ML, the Conditional inference trees 
(CIT) method.

Results  Around 10.8 percent of older adults had fall incidents. CIT model predicted region to be a significant pre-
disposing factor for an older adult to experience falls. Multimorbidity, depression, sleep problems, and gender were 
other prominent factors. The model predicted that, among depressed older adults, falls incidents were around 80 
percent higher than non-depressed.

Conclusions  An association between falls and depression was observed. Depressive symptoms were associated 
with an increased risk of falls, even after controlling for other co-factors. The CIT method leveraged us to select 
the most important variables to predict falls with great precision. To prevent and manage falls among the expand-
ing and diverse older-aged population, a multilevel and cross-sectoral approach is required. Mental health, especially 
depression, should be dealt with greater precautions. Public health enthusiasts should focus on the physical as well 
as mental health of the country’s older adult population.
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Graphical Abstract

Introduction
Falls are a major concern among older adults in India 
and other middle- and low-income countries with a rap-
idly growing aged population. It is also one of the lead-
ing causes of injury related deaths [1, 2]. For older adults, 
falls account for the greatest number of days with lim-
ited activity [3]. Around one-third of aged adults have 
experienced at least one fall every year [3]. According to 
a WHO report, due to falls, over 38 million Disability-
Adjusted Life years (DALYs) are lost each year [4].

Most older adults, due to the gradual decrease in sen-
sory and cognitive functions, have a significantly higher 
risk of falling, facing at least one fall per year [3, 5, 6]. 
According to World Health Organisation, a large por-
tion of elderly people suffer from injuries or mortality 
due to falls [4]. Gait, balance problems, and falls are also 
the second major cause of deaths in adults aged 60 years 
and above after road traffic accident injuries [5, 7]. Falling 
for the first time produces fear of further falling within 
an individual, which results in restrictions on activities. 
These restrictions result in subsequent deterioration in 
mobility and some other motor activities, leading to dis-
ability and mental health problems [7, 8].

There are a limited number of studies trying to find out 
the risk factors of falls, including mental health, sleep 
anomalies, lack of social participation, sex, and region of 
residence among older adults; hence, a thorough study 
finding the possible association of falls and depression is 
important. The data available through the Longitudinal 
Ageing Study in India (LASI) allows us to investigate the 
relationship in detail. Demographic factors like gender, 
age, educational qualification, marital status, Activities 
of daily living (ADL) are found to be highly correlated 
to the likelihood of falls [7, 8]. This study has employed 
a machine learning (ML) approach to draw a valid con-
clusion about the underlying reasons for falls, as ML 
models can be tailored to individual needs, allowing for 
personalized interventions and recommendations that 
consider unique risk factors. ML method was used to 
test the significance of the association of different factors 
with greater accuracy, and for this purpose, three higher 
parameters were evaluated to achieve the best possible 
level of accuracy in prediction by the model.

Extensive research has established that depression may 
be an independent factor contributing to the fear of falls, 
dizziness, and even osteoporotic fractures [2, 5, 9–12]. 
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India shares a prominent burden of depressive problems 
[11]. The Global Burden of Disease (GBD) Study India 
showed that around 46 million people in India had one 
or other depressive disorders in 2017. The prevalence was 
highly age-dependent and was higher among older adults 
[13–15]. A correlation between mental health –especially 
depression in elderly people and falls among them has 
been studied carefully, and a significant relation has been 
found [7, 8, 16, 17]. Severe depression in elderly people 
leads to a greater chance of injurious and recurrent falls 
[16, 18, 19], which results in an increased percentage of 
permanent disability and death. Depression is also among 
the prime factors for single falls [16], leading to recur-
rent falls with increased depression, anxiety, and reduced 
mental and physical activity. In addition to depression, 
studies from various regions of the world have shown a 
correlation of sleep anomalies with falls [20] among the 
older adults. Since there is an inter-correlation between 
sound mental health, quality sleep and sleep duration 
[16], an individual with poor sleep quality becomes vul-
nerable to fall and disability which are both falls related 
injury.

Social participation of the elderly people can improve 
the condition of depressed, and it may be an interven-
tion to prevent fall and fall injuries [21–23].  Older age 
increases the risk of incident falls in both sexes, however 
the intensity of mediators like pain, balance, and comor-
bidity status differ by sex [24, 25]. It is an indication that 
gender should be considered in designing fall-prevention 
strategies.

Research from high income countries (HICs) suggest 
multi-morbid older adults were at a greater risk of falls 
than others [20, 23]. Although it is found from the avail-
able studies [26, 27] that there is a variation in the factors 
with respect to the region among older adults, regional 
variation in risk factors among older adults in India has 
not been thoroughly explored. This gap in the literature 
underlines the need for more region-specific studies to 
fully understand how factors like depression, sleep dis-
turbances, and comorbidities interact with the risk of 
falls in different parts of India.

Considering the aforementioned, this study aims to 
understand the risk factors for falls leading to fall-related 
injury and death among older adults. The study consid-
ers independent factors faced by older adults, such as 
chronic diseases, sleeping disturbances, and depression, 
and tries to explore whether these factors contribute to 
falls and fall-related injuries.

Data and methods
Data
The source of the data is Individual data record of Longi-
tudinal Ageing Study in India, (LASI) Wave 1 Survey [26] 

which records the individual characteristics of the sample 
of individuals 45 years and above as well as their spouses. 
LASI utilizes a multistage clustering sampling design, 
employing a three-stage sample design in rural areas and 
a four-stage sample design in urban areas. More details 
can be found in LASI report [26].The age of the respond-
ent for the current study has been taken as- individuals 
who are 45 years and above referring to available litera-
ture [18]. The variable age is important to study since, 
with increase of age, physical frailty or sarcopenia [28] 
arises which may lead to weak gait, weakness and eventu-
ally falls. The LASI data was collected in 2017–18.

Methodology
Conditional Inference Trees, often referred to as CITs 
[29], have gained significant prominence in academic 
research due to their robustness, interpretability, and 
adaptability across various fields of study. These trees 
represent a sophisticated evolution of traditional decision 
trees, designed to address the limitations and challenges 
posed by complex and high-dimensional datasets. In the 
realm of academia, CITs have found widespread applica-
tion in fields ranging from ecology and biology to social 
sciences and economics [29–32]. One of the primary 
reasons for their popularity is their ability to handle both 
categorical and continuous variables seamlessly, making 
them suitable for a wide range of research questions and 
data types.

Due to this, the method is appropriate to fulfill the aim 
of the study to analyze the factors and their interactions 
as well as the hierarchy of the factors. Further, the Con-
ditional Inference Tree handles the numeric variables as 
well as the categorical variables effectively which is valu-
able to check for model’s goodness of fit. As a result, it 
is the most appropriate method for the analysis. Com-
parison of the model was not done as it is unbalanced 
in its original state and as a result, the results might be 
misleading.

There are certain aspects of the conditional inference 
tree which form the base of the conditional inference 
forest that need to be highlighted prior to the use of the 
algorithm in order to define the sort of conditional infer-
ence tree to be handled. The conditional inference tree 
used here has its test statistic for the global and local 
null hypotheses. A chi-square test of association that is 
permuted with respect to the response values to test for 
significance. The Bonferroni correction is used to test for 
multiple hypotheses.

There are three hyperparameters that need to be evalu-
ated which are as follows:
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1.	  mtry: This refers to the number of variables to be 
sampled at each node of the CIT.

2.	  mincriterion: This refers to fixing the minimum 
p-value or rather, the maximum 1-  p-value for the 
global null hypothesis.

3.	  ntree: This refers to the total number of trees to be 
constructed by the Conditional Inference Forest 
Algorithm.

The training of the first two hyperparameters are 
undertaken by the caret package via out-of-bag bagging 
estimated and repeated cross validation respectively.

For the hyperparameter tuning,’mtry’ hyperparam-
eter, a value of 2 was selected, resulting in an accuracy 
score of 1. Similarly, for the ’Min-criterion’ hyperpa-
rameter, a value of 0.99 was chosen, again yielding 
an accuracy score of 1. These values indicate that the 
chosen hyperparameters performed optimally for the 
given dataset, achieving a high level of accuracy in the 
model’s predictions. The values for the parameters were 
chosen after running optimization exercises whereby 
there was no improvement in the accuracy after these 
values.

The ntree parameter in the cforest function deter-
mines the maximum number of trees to be grown 
initially, but it doesn’t guarantee that exactly what num-
ber of trees will be in the final forest. The algorithm 
employs a pruning process to select the most informa-
tive trees and may reduce the number of trees in the 
final forest. As a result, the ntree value is fixed at cer-
tain levels and a Conditional Inference Forest is run to 
establish the importance of each variable via permuta-
tion of predictor values. The average of the importance 
values is then taken to arrive at an average importance 
score which is used to build the final CIT. The grid 
search method was used to identify the values for the 
hyperparameters- mtry which ranged from 1 to 5, min-
criterion which ranged from 0.9 to 0.99 and the ntree 
which ranged from 100 to 500. The ntree parameter 
was set at its default values as it provides only a guide-
line for the number of trees to be created, not the exact 
number.

The package used in R studio is the partykit package, 
with a Bonferroni correction applied to allow for the 
inclusion of multiple hypotheses.

Balancing the dataset
It is important to have a balanced sample to get a good 
predictive ML model. The disbalance in the algorithm 
may lead to a biased predictions with false accuracies in 
the majority class of the response variable. The raw data 

of ever falling in the last 2 years is distributed so that it is 
heavily biased towards never having a fall (30,309) versus 
having had fall (4757).

Splitting the sample into training and testing data
The training and testing datasets are thus created by 
sampling out 70% of the balanced data to create the 
training set while the rest 30% of the data is kept as the 
test set.

After balancing the response variable ‘Fall’, the distribu-
tion was achieved as follows. In the training data, 3,306 
instances were categorized as "No", while 3,302 instances 
were labelled as "Yes". For the test data, there were 1,450 
instances marked as "No" and 1,454 instances categorized 
as "Yes".

The test dataset is a subset of the balanced dataset 
which is of the real-world data. Given that the model is 
created on the training data set and then tested on the 
test dataset. Also, since the split of the two datasets were 
random, it allows for the simulation of real-world data.

Variable description
Outcome Variable
Fall- The outcome variable here refers to the event of the 
fall happening in the last 2 years. It is a binary taken as 
“Yes” and “No.”

Predictors
For the primary independent variable, depression, widely 
known CIDI-SF scale (Composite International Diagnos-
tic Interview-Short Form [26] was used for measurement 
using a series of questions for assessment:

The list of the questions can be found in Supplemen-
tary table S1.

A score of 3 or more out of 10 implies Depression.
The final variable for the existence of depression in an 

individual was taken as “Yes” coded as 1 and “No” coded 
as 0.

CIDI-SF is one of the most efficient methods of assess-
ing depression and has been adopted by LASI for its 
national report hence, that was also employed in the cur-
rent study.

The description of other independent variables like 
Age, Sex, Educational Status, Marital status, Work sta-
tus, Living arrangement, Physical exercise, Health status 
(morbidity status), Activities of Daily Living (ADL sta-
tus), Sleep disorder and Region can be found in the sup-
plementary Table 2.

R studio software and Stata v.18 was used for the entire 
analysis.
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Sample description
The sample taken for training was a randomly drawn 
sample from the balanced sample. It contained 70% of 
the records contained in the balance dataset. The training 
considers the rest of the data which was not included in 
the training sample.

The original sample of the LASI Survey was spread over 
29 states and 6 Union Territories. It had a total sample 
size of 72,250 individuals. See Fig.  1 Data cleaning and 
Screening process. After cleaning the data and recoding, 
the total sample size was 44,066 which originally had an 
exceptionally low incidence of fall. The nearmiss algo-
rithm was implemented to create a further concentrated 
balanced sample of 9614. The training sample consisted 
of 70% of randomly drawn records from the balanced 
sample (N = 6610) and the test sample consisted of the 
remaining 30% (N = 2904). The training and the testing 
datasets hereby created were similar in their distribution 
with regard to the various categories of the predictors as 
seen in case of Supplementary Table 3.

The original Sample distribution can be seen in Table 1. 
Further on considering, the chi-square test of association 
for the predictor variables with the response variable are 
also mentioned in the above table. From the data, it can 
be observed that factors of Wealth and Exercise are not 
significantly associated with the recurrent Falling. Simi-
lar are the association results in the training dataset in 

Supplementary Table 3. So, there is no risk of unneces-
sary bias in the modelling.

Further the variables of Exercise and Wealth were kept 
in the analysis as the CIT in question undertakes to test 
the significance of splits in the subgroups created by the 
tree. So, although a factor may appear insignificantly 
associated with the entire sample, it may show significant 
association in the subgroups. However, it could also be 
possible that these two factors may not be key factors for 
the overall relationship.

For the hyperparameter tuning, ‘mtry’ hyperparameter, 
a value of 2 was selected, resulting in an accuracy score 
of 1. Similarly, for the ’Min-criterion’ hyperparameter, a 
value of 0.99 was chosen, again yielding an accuracy score 
of 1. These values indicate that the chosen hyperparame-
ters performed optimally for the given dataset, achieving 
a high level of accuracy in the model’s predictions.

Results
The values of the ntree varies from 50 to 300 can be seen 
in Table 2.

Further, important predictor values are shown in 
Table  3. The importance of the variables is calculated 
using the decrease in misclassification rate which pro-
vides a relative measure of average decrease in misclas-
sification. The variable importance evaluation method 
used considers the learning sample and is conditional 
with a threshold of 0.9 with a permutation of 10. Here, 

Fig. 1  Data cleaning and sample selection of the study



Page 6 of 11Bharadwaz et al. BMC Geriatrics          (2025) 25:181 

Table 1  Prevalence of falls by subgroup: percentage distribution in the overall sample, India (2017–18)

Predictor Category Prevalence of Fall
(N = 44,062)

P-value of Chi-square test of 
Association of the Balanced 
Sample

Fall No 89.21

Yes 10.79

Wealth Quintile Poorest 10.77 > 0.05

Poorer 12.32

Middle 12.37

Rich 12.27

Richest 12.07

Depression No 10.92 < 0.01

Yes 17.21

Age 45–49 10.88 < 0.01

50–54 10.22

55–59 11.50

60–64 13.47

65–69 12.28

70–74 13.72

75–79 11.16

 > = 80 15.32

Gender Male 10.95 < 0.01

Female 13.50

Education Primary 12.94 < 0.01

Secondary 10.60

Tertiary 11.91

Marital Status Not Currently Married 13.62 < 0.01

Currently Married 11.43

Currently Working No 12.60 < 0.01

Yes 11.57

Living Arrangements Living alone 14.04 < 0.05

Living with Family 11.17

Living with Family and/or others 12.75

Living with Others 14.52

Does Exercise No 10.85 > 0.05

Yes 12.07

Chronic Illness None 9.85 < 0.01

1–2 Chronic Illnesses 13.07

More than 2 chronic Illness 18.00

Region North 13.92 < 0.01

South 9.92

West 11.70

Central 12.57

East 14.59

Northeast 8.66

ADL Not Significant (< 3 ADL) 11.74 < 0.01

Significant (> = 3 ADL) 16.44

Sleep Trouble None 9.80 < 0.01

Minor or Occasional 14.85

Frequent 19.71
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the variables do show too much variation in the clas-
sification in case of exclusion. However, this may be 
because the resampling introduces bias into calcula-
tion of variable importance due to the loss of informa-
tion from the removed values. So, while the variable 
importance is used as a measure to understand the 
importance, it is used more in terms of understanding 
the level of importance rather than the actual impor-
tance. Those variables that exhibit a level of importance 
of more than or equal to 0.01 on average are kept in the 
final model. Certain variables that do not feature due to 
the threshold value are replaced by 0 for the 7 runs.

As it can be observed, the variables that do have some 
impact on the classification model are wealth, ADL, 
region, depression, gender, sleep trouble and health. So, 
the final CIT derived is shown in Fig. 2.

The confusion matrix and the results derived are 
given in Table  4.  In the given table, the count and 
measures of the full CIT where all the predictors are 
considered are given in [-] to provide a measure of 
comparison. The Conditional Inference Tree reveals 
that the most important factor for ‘Fall’ is the region 
of residence for the current dataset. Among those 

individuals who are in the East and Central Regions, 
the next important factors are that of health and wealth 
respectively. There does not appear to be any significant 
importance of depression or sleep issues in these two 
regions.

Depression has a direct effect on the event of fall 
but only among the individuals who have one or more 
chronic health issues and minor or frequent sleeping 
troubles and reside in the North, South and West of the 
country. Among the individuals in this group, the pres-
ence of depression leads to falls whereas the absence of 
depression leads to falls due to various factors of health, 
gender and sleep trouble issues.

Among the individuals in the North, South, West 
regions without any chronic illnesses and no sleep trou-
ble, the only important factor is that of gender and 
region.

The accuracy and fit of the model are moderate (as 
given by the F1-score). It is further observed that  with 
reference to the full model which provides the accuracy 
measures of the CIT for all the predictors, this tailored 
model has better accuracy and precision. The tailored 
model on the basis of the conditional inference forest 

Table 2  ntree values and the measures of accuracy derived

CI Confidence Interval

ntree value Accuracy (%) F1score (*100) Balanced Accuracy (%) 95% CI of Accuracy (%)

50 63.40 61.19 63.40 61.61-65.15

100 62.91 60.65 62.92 61.13-64.67

150 63.09 61.10 63.09 61.30-64.84

200 63.19 61.4 64.95 61.40-64.95

250 63.22 61.4 64.95 61.40-64.95

300 63.26 61.30 63.26 61.47-65.01

Table 3  Variable importance across ntree values and its average

ADL Activities of Daily Living

Predictor\ntree 50 100 150 200 250 300 Average

Wealth  < 0.01  < 0.01 < 0.01 < 0.01 < 0.01 < 0.01 < 0.01

Age 0.01 0.01 0.01 0.01 0.01 0.01 0.01

Gender 0.01 0.02 0.01 0.01 0.01 0.01 0.01

Depression 0.01 0.01 0.02 0.02 0.02 0.01 0.02

Education 0.01 < 0.01 < 0.01 < 0.01 < 0.01 < 0.01 < 0.01

Marital Status 0.01 0.01 0.01 0.01 0.01 0.01 < 0.01

Health 0.02 0.02 0.02 0.02 0.02 0.02 0.02

ADL 0.01 0.01 0.01 0.01 0.01 0.01 0.01

Living Arrangement 0 0.01 0 < 0 0.01 < 0.01 < 0.01

Region 0.06 0.06 0.07 0.07 0.06 0.06 0.06

Employment Status 0.01 < 0.01 0 < 0.01 0.01 0.01 < 0.01

Exercise 0 0 0 0 < 0.01 0 < 0.01

Sleep Trouble 0.01 0.02 0.02 0.02 0.01 0.02 0.01
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definitely provides a more accurate model, although the 
increase is very little and is accompanied by a loss in 
sensitivity.

A noteworthy observation is that on removing the not 
important predictors, the factor of ADL issues (which 
initially turns out to be important) does not feature in 
the Conditional Inference tree. This may be because ADL 
issues occur because of chronic illness and thus may be 
considered to be collinear with the factor of health as 
a result of which it does not appear significant in the 
resultant CIT.

Discussion
The study analyzed data of older adults aged 45 years 
and above in India suffering from falls and found region 
as a significant factor of falls among the older adults in 
each part of the country. The individuals residing in the 
North, South, West and Northeast regions of the country 
had a different set of factors that affect the incidence of 
fall than the East and West regions of the country. The 
variable ‘region’ encompasses many factors such as diet, 

climate, terrain, geographical location, availability of 
medical care as well as lifestyle among other things. So, 
it can be concluded that there is a major difference in the 
risk factors subject to the geographical region. Several 
studies discuss geography being a major determinant of 
falls in India [33, 34].

It is established that improper sleeping history, known 
as sleeping disorder is another influencing factor of falls 
[5, 20, 35, 36] among adults and this has been a find-
ing of the current study, too, as the incidence of recur-
ring falls is higher among those with minor or frequent 
sleeping troubles in the North, South, West and North-
Eastern regions of the country. Low quality sleep affects 
the physical and mental health resulting in poor cognitive 
functioning that causes falls and increases the chances 
of recurring falls among the older adults [37, 38]. How-
ever, the association is seen in only certain regions of the 
country and not the others. This shows that sleep disor-
ders do not uniformly affect the incidence of falls in the 
country; there are other factors underplaying this.

Our study also finds that older adults who have depres-
sion as an additional condition along with sleeping dis-
turbance have a medium chance (~ 60%) of falls in the 
North, South, West and Northeast region of India. This 
is supported by various studies which have found that 
older adults suffering from depression have a high risk of 
falls [8, 17, 18, 39–42]. Mental health has a great impact 
on human behavior. Specifically, depression has a major 
influence on recurring falls among adults aged 45 and 
above. The chance of recurring fall increases more than 
one times among the people having depression [16]. The 
older adults with depressive symptoms were 80% more 
likely to have concerns about falling. Again, after the first 
fall, due to injury and fear of fall, physical functioning 

Fig. 2  Conditional Inference Tree of classification of Falls

Table 4  Confusion matrix and accuracy of the CIT developed on 
the test data

Accuracy: 61.85% (60.05%−63.62%) [61.71%(59.91%−63.48)], 
Sensitivity: 49.17%[50.34%], Specificity: 74.55%[73.10%], Precision: 
65.96%[65.24%], Recall:49.17%[50.34%], F1 Score: 56.34%[56.83%], Balanced 
Accuracy:61.86%[61.72%]

Response Yes No Total

Prediction

  Yes 715 [732] 369 [390] 1084 [1122]

  No 739 [722] 1081 [1060] 1820 [1782]

  Total 1454 [1452] 1450 [1450] 2904 [2904]
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and social activeness decrease, and consequently, depres-
sion appear, or the conditions deteriorate [43–45].

Gender was found to be another significant factor in 
falls for the older adults in this study; however, it is a low-
ranking factor. This is underlined by various studies [7, 
16, 20, 46] which discuss women are more likely to expe-
rience depressive symptoms than men [27], which may 
be the reason why the results show depressive symptoms 
is more strongly associated with injurious falls in women 
[18, 28, 39, 46].

The Conditional Inference Forest shows that the variables 
like wealth, ADL, region, depression, gender, sleep trou-
ble and health are more important than other variables. 
CIT results also show that the presence of depression does 
emerge as a factor but only for a particular subgroup of the 
sample, specifically for individuals living in the North and 
South regions of the country with frequent or minor sleep 
troubles. This implies that the presence of depression is 
an aggravating factor for the occurrence of recurring falls 
which increases the risk of recurrent falling. So, it may be 
viewed as a catalyst that uniformly affects the subgroup. In 
the absence of depression, the factors of gender and sleep 
troubles along with region become important.

The study finds significant ’regional contribution’ (with 
p-value < 0.001) to falls among the older adults, specifi-
cally for those residing in the central and eastern regions 
of India. Residents of the central region, without any 
sleeping problems, depression or chronic diseases, have 
the highest chance of falls (~ 90%). Residents from the 
eastern part with none to one / two chronic diseases have 
a medium chance (~ 60%) of falls whereas the chance 
increases (~ 80%) if they have two or more chronic dis-
eases. Appearance of chronic diseases among older adults 
is another main factor of fall. The study finds that in this 
region, i.e., in the central and eastern part of India, gender 
is not an influencing factor of fall among the older adults, 
but wealth and health issues are. It will be interesting to 
note here that the factor of wealth is not significant overall 
but does become significant in the subgroup of individu-
als residing in the Central region of the country.

This study’s findings have several potential real-world 
applications, particularly in informing public health 
interventions and clinical practices aimed at preventing 
falls among the elderly. The results align with and con-
tribute to existing literature, offering unique insights into 
the role of depression and other risk factors in fall risk. 
These insights can support the development of targeted 
screening programs and policy initiatives.

Limitations of the study
This study has certain limitations, including data con-
straints and reliance on a single machine learning 

technique, which may affect its generalizability. Specifi-
cally, using only a Conditional Inference Tree could limit 
the model’s ability to generalize to new data, potentially 
leading to overfitting.

Future research could explore additional machine 
learning approaches and a broader range of risk factors 
to enhance predictive accuracy and applicability across 
diverse populations. Furthermore, examining potential 
mechanisms behind observed relationships, such as how 
depression may increase fall risk, can provide a deeper 
understanding and guide practical applications in health-
care settings. This could not be included in the study due 
to data unavailability.

The study is also limited to statistical analyses of fall 
occurrences among India’s older adults; it does not inves-
tigate the root causes of region-specific differences in the 
probability of falls. A more in-depth study with extensive 
background data, such as detailed health statuses of the 
subjects and micro-environmental data of the specific 
locations, will be required to analyze the causes of the 
region-specific differences.

Conclusion
The surrounding conditions of a fall are intricate, 
multifaceted phenomenon in nature. To prevent and 
manage falls among the expanding and diverse aging 
population, multilevel and cross-sectoral approaches 
are required.

The current study finds that the region is the most 
influential factor in falls among older adults in India. 
Other factors influencing the incidence of falls are gen-
der, multiple chronic diseases, and sleeping disturbance. 
Depression acts as a highly aggravating factor in the 
presence of sleep disturbance rather than as a simple 
influencing factor alone. The factors that lead to recur-
ring falls and their interactions are highly specific to the 
region and thus in its turn, the socio-cultural context 
of that region. So, interventions designed to prevent or 
tackle the issue of recurrent falling must include the cul-
tural context and the specific factors. Further investiga-
tion into the mechanisms of these factors is required to 
understand how those affect falls and how to mitigate the 
associated risk.

Abbreviations
ADL	� Activities of Daily Living
CI	� Confidence Interval
CIDI-SF	� Composite International Diagnostic Interview-Short Form
CIF	� Conditional Inference Forest
CIT	� Conditional Inference Trees
DALY	� Disability-Adjusted Life Years
HIC	� High Income Countries
LASI	� Longitudinal Ageing Study in India
ML	� Machine Learning



Page 10 of 11Bharadwaz et al. BMC Geriatrics          (2025) 25:181 

Supplementary Information
The online version contains supplementary material available at https://​doi.​
org/​10.​1186/​s12877-​025-​05813-z.

Supplementary Material 1.

Acknowledgements
Data for this study were extracted from the first wave of the Longitudinal 
Aging Study in India (2017-19) conducted by the International Institute for 
Population Sciences (IIPS) Mumbai, India. The authors are thankful to IIPS for 
providing the data.

Authors’ contributions
MPB, JK, AM, and AA conceptualised the study. MPB and AM did the formal 
analysis. JK and AA wrote the first draft of the manuscript. All the authors 
reviewed and finalised the manuscript.

Funding
This research did not receive any specific grant from funding agencies in the 
public, commercial, or not-for-profit sectors.

Data availability
The study uses secondary data from LASI Wave-1 survey- collected by the 
nodal agency International Institute for Population Sciences (IIPS), Mumbai, 
on behalf of the Government of India. Data were de-identified which is 
publicly available to the researchers and policymakers upon formal request 
to the nodal agency IIPS. To access the data, a request can be made via this 
link- https://iipsindia.ac.in/sites/default/files/LASI_DataRequestForm_0.pdf 
and should be sent to the mail datacenter@iipsindia.ac.in. Further, for informa-
tion related to the LASI data set Longitudinal Ageing Study in India (LASI) 
International Institute for Population Sciences (IIPS) (iipsindia.ac.in) website 
can be visited.

Declarations

Ethics approval and consent to participate
The Central Ethics Committee on Human Research (CECHR) under the Indian 
Council of Medical Research (ICMR) provided the ethical approval for conduct-
ing the LASI survey. Analyses and methods were carried out in accordance 
with relevant guidelines and regulations. The survey agencies that conducted 
the field survey for the data collection have collected prior informed consent 
(signed and oral) for both the inter- views and biomarker tests from the eligi-
ble respondents in accordance with Human Subjects Protection.

Consent for publication
Not applicable.

Competing of interests
The authors declare no competing interests.

Author details
1 RWE/HEOR/ES, Axtria India Pvt. Limited, Pune, Maharashtra, India. 2 Depart-
ment of Statistics, Lalit Chandra Bharali College, Guwahati, Assam, India. 
3 Department of Economics and Finance, Bits Pilani, Hyderabad, India. 4 Depart-
ment of Survey Research and Data Analytics, International Institute for Popula-
tion Sciences, Mumbai 400088, India. 

Received: 1 March 2024   Accepted: 21 February 2025

References
	1.	 Lee S, Chung JH, Kim JH. Association Between Sleep Quality and Falls: 

A Nationwide Population-Based Study from South Korea. Int J Gen 
Med [Internet]. 2021 [cited 2024 Jan 5];14:7423–33. Available from: 
https://​www.​dovep​ress.​com/​assoc​iation-​betwe​en-​sleep-​quali​ty-​and-​
falls-a-​natio​nwide-​popul​ation-​ba-​peer-​revie​wed-​fullt​ext-​artic​le-​IJGM.

	2.	 Stewart Williams J, Kowal P, Hestekin H, O’Driscoll T, Peltzer K, Yawson A, 
et al. Prevalence, risk factors and disability associated with fall-related 
injury in older adults in low- and middle-incomecountries: Results 
from the WHO Study on global AGEing and adult health (SAGE). BMC 
Med [Internet]. 2015 [cited 2024 Jan 5];13:1–12. Available from: https://​
bmcme​dicine.​biome​dcent​ral.​com/​artic​les/. https://​doi.​org/​10.​1186/​
s12916-​015-​0390-8.

	3.	 Rubenstein LZ. Falls in older people: epidemiology, risk factors and strate-
gies for prevention. Age Ageing [Internet]. 2006 [cited 2024 Jan 5];35 
Suppl 2. Available from: https://​pubmed.​ncbi.​nlm.​nih.​gov/​16926​202/.

	4.	 Falls [Internet]. [cited 2024 Feb 16]. Available from: https://​www.​who.​int/​
news-​room/​fact-​sheets/​detail/​falls.

	5.	 Yoshimoto Y, Honda H, Take K, Tanaka M, Sakamoto A. Sleep efficiency 
affecting the occurrence of falls among the frail older adults. GeriatrNurs 
(Minneap). 2021;42:1461–6.

	6.	 Tomioka K, Kurumatani N, Hosoi H. Age and gender differences in the 
association between social participation and instrumental activities of 
daily living among community-dwelling elderly. BMC Geriatr [Internet]. 
2017 [cited 2023 Sep 30];17:1–10. Available from: https://​bmcge​riatr.​
biome​dcent​ral.​com/​artic​les/. https://​doi.​org/​10.​1186/​s12877-​017-​0491-7.

	7.	 Li Y, Hou L, Zhao H, Xie R, Yi Y, Ding X. Risk factors for falls among 
community-dwelling older adults: A systematic review and meta-analysis. 
Front Med (Lausanne) [Internet]. 2023 [cited 2024 Jan 5];9. Available from: 
https://​pubmed.​ncbi.​nlm.​nih.​gov/​36687​461/.

	8.	 Iaboni A, Flint AJ. The complex interplay of depression and falls in older 
adults: a clinical review. Am J Geriatr Psychiatry [Internet]. 2013 [cited 
2024 Jan 5];21:484–92. Available from: https://​pubmed.​ncbi.​nlm.​nih.​gov/​
23570​891/.

	9.	  Kane LA, Buckley KA. Functional Mobility. Stroke Rehabilitation: A 
Function-Based Approach. 2015;155–93.

	10.	 Whooley MA, Kip KE, Cauley JA, Ensrud KE, Nevitt MC, Browner WS. 
Depression, falls, and risk of fracture in older women. Arch Intern Med. 
1999;159:484–90.

	11.	 Zhou J, Xue Y. Depression, falls, and osteoporotic fractures. Osteoporo-
sis International [Internet]. 2020 [cited 2024 Feb 14];31:1175. Avail-
able from: https://​link.​sprin​ger.​com/​artic​le/. https://​doi.​org/​10.​1007/​
s00198-​020-​05347-7.

	12.	 Rubenstein LZ. Falls in older people: epidemiology, risk factors and strate-
gies for prevention. Age Ageing [Internet]. 2006 [cited 2024 Feb 16];35 
Suppl 2. Available from: https://​pubmed.​ncbi.​nlm.​nih.​gov/​16926​202/.

	13.	 Sagar R, Dandona R, Gururaj G, Dhaliwal RS, Singh A, Ferrari A, et al. The 
burden of mental disorders across the states of India: the Global Burden 
of Disease Study 1990–2017. Lancet Psychiatry [Internet]. 2020 [cited 
2024 Jan 25];7:148–61. Available from: https://​pubmed.​ncbi.​nlm.​nih.​gov/​
31879​245/.

	14.	 Perianayagam A, Prina M, Selvamani Y, Gudekar D, Salvi S, Varghese M, 
et al. Sub-national Patterns and Correlates of Depression among Adults 
45 years or Older: Findings from wave 1 of the Longitudinal Aging Study 
in India. Lancet Psychiatry [Internet]. 2022 [cited 2024 Jan 25];9:645. Avail-
able from: /pmc/articles/PMC9375859/

	15.	 Sinha P, Hussain T, Boora NK, Rao GN, Varghese M, Gururaj G, et al. 
Prevalence of Common mental disorders in older adults: Results from the 
National Mental Health Survey of India. Asian J Psychiatr [Internet]. 2021 
[cited 2024 Jan 25];55. Available from: https://​pubmed.​ncbi.​nlm.​nih.​gov/​
33212​298/.

	16.	 Jo KH, Park J, Ryu SY. The effects of mental health on recurrent falls 
among elderly adults, based on Korean Community Health Survey data. 
Epidemiol Health [Internet]. 2020 [cited 2024 Feb 16];42. Available from: 
https://​pubmed.​ncbi.​nlm.​nih.​gov/​32023​776/.

	17.	 Smith ML, Ory MG. Multi-directional nature of falls among older adults: A 
rationale for prevention and management. Front Public Health [Internet]. 
2023 [cited 2024 Feb 16];11. Available from: /pmc/articles/PMC9989446/

	18.	 Bu H, Lu S, Wang L, Jiang D, Tian Z, Ding Y, et al. Depressive symptoms 
increase the risk of falls and injurious falls in Chinese adults aged ≥ 45 
years: A 3-year cohort study. Front Public Health. 2022;10: 964408.

	19.	 Hungin APS, Close H. Sleep disturbances and health problems: sleep 
matters. The British Journal of General Practice [Internet]. 2010 [cited 
2024 Feb 16];60:319. Available from: /pmc/articles/PMC2858527/

	20.	 Serrano-Checa R, Hita-Contreras F, Jiménez-García JD, Achalandabaso-
Ochoa A, Aibar-Almazán A, Martínez-Amat A. Sleep Quality, Anxiety, and 
Depression Are Associated with Fall Risk Factors in Older Women. Int 

https://doi.org/10.1186/s12877-025-05813-z
https://doi.org/10.1186/s12877-025-05813-z
https://www.dovepress.com/association-between-sleep-quality-and-falls-a-nationwide-population-ba-peer-reviewed-fulltext-article-IJGM
https://www.dovepress.com/association-between-sleep-quality-and-falls-a-nationwide-population-ba-peer-reviewed-fulltext-article-IJGM
https://bmcmedicine.biomedcentral.com/articles/
https://bmcmedicine.biomedcentral.com/articles/
https://doi.org/10.1186/s12916-015-0390-8
https://doi.org/10.1186/s12916-015-0390-8
https://pubmed.ncbi.nlm.nih.gov/16926202/
https://www.who.int/news-room/fact-sheets/detail/falls
https://www.who.int/news-room/fact-sheets/detail/falls
https://bmcgeriatr.biomedcentral.com/articles/
https://bmcgeriatr.biomedcentral.com/articles/
https://doi.org/10.1186/s12877-017-0491-7
https://pubmed.ncbi.nlm.nih.gov/36687461/
https://pubmed.ncbi.nlm.nih.gov/23570891/
https://pubmed.ncbi.nlm.nih.gov/23570891/
https://link.springer.com/article/
https://doi.org/10.1007/s00198-020-05347-7
https://doi.org/10.1007/s00198-020-05347-7
https://pubmed.ncbi.nlm.nih.gov/16926202/
https://pubmed.ncbi.nlm.nih.gov/31879245/
https://pubmed.ncbi.nlm.nih.gov/31879245/
https://pubmed.ncbi.nlm.nih.gov/33212298/
https://pubmed.ncbi.nlm.nih.gov/33212298/
https://pubmed.ncbi.nlm.nih.gov/32023776/


Page 11 of 11Bharadwaz et al. BMC Geriatrics          (2025) 25:181 	

J Environ Res Public Health [Internet]. 2020 [cited 2024 Jan 5];17:1–11. 
Available from: https://​pubmed.​ncbi.​nlm.​nih.​gov/​32517​112/.

	21.	 Van Der Meulen E, Zijlstra GAR, Ambergen T, Kempen GIJM. Effect of fall-
related concerns on physical, mental, and social function in community-
dwelling older adults: a prospective cohort study. J Am GeriatrSoc 
[Internet]. 2014 [cited 2024 Feb 16];62:2333–8. Available from: https://​
pubmed.​ncbi.​nlm.​nih.​gov/​25438​609/.

	22.	 Quach LT, Ward RE, Pedersen MM, Leveille SG, Grande L, Gagnon DR, et al. 
The Association Between Social Engagement, Mild Cognitive Impair-
ment, and Falls Among Older Primary Care Patients. Arch Phys Med 
Rehabil [Internet]. 2019 [cited 2024 Feb 16];100:1499–505. Available from: 
https://​pubmed.​ncbi.​nlm.​nih.​gov/​30825​422/.

	23.	 Arokiasamy P, Uttamacharya, Jain K. Multi-Morbidity, Functional Limita-
tions, and Self-Rated Health Among Older Adults in India. 2015 [cited 
2023 Sep 30];5. Available from: https://​journ​als.​sagep​ub.​com/​doi/​full/. 
https://​doi.​org/​10.​1177/​21582​44015​571640.

	24.	 Gale CR, Cooper C, Sayer AA. Prevalence and risk factors for falls in older 
men and women: The English Longitudinal Study of Ageing. Age Ageing 
[Internet]. [cited 2024 Feb 16];45:789–94. Available from: 2016. https://​doi.​
org/​10.​1093/​ageing/​afw129.

	25.	 Canever JB, de Souza Moreira B, Danielewicz AL, de Avelar NCP. Are multi-
morbidity patterns associated with fear of falling in community-dwelling 
older adults? BMC Geriatr [Internet]. 2022 [cited 2024 Feb 14];22:1–8. 
Available from: https://bmcgeriatr.biomedcentral.com/articles/https://​
doi.​org/​10.​1186/​s12877-​022-​02889-9.

	26.	 IIPS Mumbai NPHCE MH of P (HSPH) and the U of S (USC). Longitudinal 
Ageing Study in India (LASI) INDIA REPORT Wave-1,2017–18. 2020 [cited 
2023 Feb 7]; Available from: https://​www.​iipsi​ndia.​ac.​in/​sites/​defau​lt/​files/​
LASI_​India_​Report_​2020_​compr​essed.​pdf.

	27.	 LeGates TA, Kvarta MD, Thompson SM. Sex differences in antidepressant 
efficacy. Neuropsychopharmacology [Internet]. 2019 [cited 2024 Feb 
16];44:140–54. Available from: https://​pubmed.​ncbi.​nlm.​nih.​gov/​30082​
889/.

	28.	 Ambrose AF, Paul G, Hausdorff JM. Risk factors for falls among older 
adults: A review of the literature. Maturitas. 2013;75:51–61.

	29.	 Shen K, Kejriwal M. Using conditional inference to quantify interac-
tion effects of socio-demographic covariates of US COVID-19 vaccine 
hesitancy. PLOS Global Public Health [Internet]. 2023 [cited 2024 Feb 
16];3:e0001151. Available from: https://​journ​als.​plos.​org/​globa​lpubl​ichea​
lth/​artic​le?​id=. https://​doi.​org/​10.​1371/​journ​al.​pgph.​00011​51.

	30.	 Emura T, Hsu WC, Chou WC. A survival tree based on stabilized score tests 
for high-dimensional covariates. J Appl Stat [Internet]. 2021 [cited 2024 
Feb 16];50:264–90. Available from: https://​pubmed.​ncbi.​nlm.​nih.​gov/​
36698​545/.

	31.	 Zhao S, Shi T, Terada A, Riya S. Evaluation of Pollution Level, Spatial 
Distribution, and Ecological Effects of Antimony in Soils of Mining Areas: 
A Review. Int J Environ Res Public Health [Internet]. 2023 [cited 2024 Feb 
16];20:242. Available from: https://​www.​mdpi.​com/​1660-​4601/​20/1/​242/​
htm.

	32.	 Enders AM, Diekman A, Klofstad C, Murthi M, Verdear D, Wuchty S, et al. 
On modeling the correlates of conspiracy thinking. Scientific Reports 
2023 13:1 [Internet]. 2023 [cited 2024 Feb 16];13:1–13. Available from: 
https://​www.​nature.​com/​artic​les/​s41598-​023-​34391-6.

	33.	 Pourmotabbed A, Boozari B, Babaei A, Asbaghi O, Campbell MS, Moham-
madi H, et al. Sleep and frailty risk: a systematic review and meta-analysis. 
Sleep and Breathing [Internet]. 2020 [cited 2023 Feb 12];24:1187–97. 
Available from: https://​link.​sprin​ger.​com/​artic​le/. https://​doi.​org/​10.​1007/​
s11325-​020-​02061-w.

	34.	 Navarrete-Villanueva D, Gómez-Cabello A, Marín-Puyalto J, Moreno LA, 
Vicente-Rodríguez G, Casajús JA. Frailty and Physical Fitness in Elderly 
People: A Systematic Review and Meta-analysis. Sports Med [Internet]. 
2021 [cited 2023 Apr 1];51:143–60. Available from: https://​pubmed.​ncbi.​
nlm.​nih.​gov/​33201​455/.

	35.	 Aditi, Singh SK, Jaiswal AK, Verma M. Is there a ubiquitous association 
between sleep disorder and frailty? findings from LASI (2017–18). BMC 
Geriatr. 2023;23:429.

	36.	 Hungin APS, Close H. Sleep disturbances and health problems: sleep 
matters. British Journal of General Practice [Internet]. 2010 [cited 2024 Jan 
5];60:319–20. Available from: https://​bjgp.​org/​conte​nt/​60/​574/​319.

	37.	 Neikrug AB, Ancoli-Israel S. Sleep disorders in the older adult - a mini-
review. Gerontology [Internet]. 2010 [cited 2024 Feb 16];56:181–9. Avail-
able from: https://​pubmed.​ncbi.​nlm.​nih.​gov/​19738​366/.

	38.	 Stone KL, Ancoli-Israel S, Blackwell T, Ensrud KE, Cauley JA, Redline S, 
et al. Actigraphy-measured sleep characteristics and risk of falls in older 
women. Arch Intern Med [Internet]. 2008 [cited 2024 Feb 16];168:1768–
75. Available from: https://​pubmed.​ncbi.​nlm.​nih.​gov/​18779​464/.

	39.	 Li Y, Hou L, Zhao H, Xie R, Yi Y, Ding X. Risk factors for falls among 
community-dwelling older adults: A systematic review and meta-analysis. 
Front Med (Lausanne) [Internet]. 2023 [cited 2024 Feb 16];9. Available 
from: https://​pubmed.​ncbi.​nlm.​nih.​gov/​36687​461/.

	40.	 Kvelde T, McVeigh C, Toson B, Greenaway M, Lord SR, Delbaere K, et al. 
Depressive symptomatology as a risk factor for falls in older people: 
systematic review and meta-analysis. J Am GeriatrSoc [Internet]. 2013 
[cited 2024 Feb 16];61:694–706. Available from: https://​pubmed.​ncbi.​nlm.​
nih.​gov/​23617​614/.

	41.	 Kim SG, Kim S, Kim KH, Jeong S, Ko A, Han SV, et al. The Association 
between Depression and Falls in Korean Adults Aged 45 Years or Older. 
Korean Journal of Family Practice [Internet]. 2018 [cited 2024 Feb 
16];8:696–702. Available from: https://​www.​kjfp.​or.​kr/​journ​al/​view.​html?. 
https://​doi.​org/​10.​21215/​kjfp.​2018.8.​5.​696.

	42.	 Lohman MC, Mezuk B, Fairchild AJ, Resciniti N V., Merchant AT. The role of 
frailty in the association between depression and fall risk among older 
adults. Aging Ment Health [Internet]. 2022 [cited 2024 Feb 16];26:1805–
12. Available from: https://​pubmed.​ncbi.​nlm.​nih.​gov/​35993​919/.

	43.	 Zhang Y, Zhang L, Zhang X, Sun J, Wang D, Chen G. Fall Injuries and 
Depressive Symptoms Among Older Adults and the Mediating Effects of 
Social Participation — China, 2011–2018. China CDC Wkly [Internet]. 2021 
[cited 2024 Feb 16];3:837. Available from: /pmc/articles/PMC8500800/

	44.	 Kim AR, Park JH, Park HY. Analysis of Factors Affecting Depression in Older 
Adults in South Korea. International Journal of Environmental Research 
and Public Health 2021, Vol 18, Page 9887 [Internet]. 2021 [cited 2024 Feb 
16];18:9887. Available from: https://​www.​mdpi.​com/​1660-​4601/​18/​18/​
9887/​htm.

	45.	 Stubbs B, Stubbs J, Gnanaraj SD, Soundy A. Falls in older adults with 
major depressive disorder (MDD): a systematic review and exploratory 
meta-analysis of prospective studies. IntPsychogeriatr [Internet]. 2016 
[cited 2024 Feb 16];28:23–9. Available from: https://​pubmed.​ncbi.​nlm.​nih.​
gov/​26234​532/.

	46.	 Kim T, Choi SD, Xiong S. Epidemiology of fall and its socioeconomic risk 
factors in community-dwelling Korean elderly. PLoS One [Internet]. 2020 
[cited 2024 Feb 16];15. Available from: /pmc/articles/PMC7304594/

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

https://pubmed.ncbi.nlm.nih.gov/32517112/
https://pubmed.ncbi.nlm.nih.gov/25438609/
https://pubmed.ncbi.nlm.nih.gov/25438609/
https://pubmed.ncbi.nlm.nih.gov/30825422/
https://journals.sagepub.com/doi/full/
https://doi.org/10.1177/2158244015571640
https://doi.org/10.1093/ageing/afw129
https://doi.org/10.1093/ageing/afw129
https://doi.org/10.1186/s12877-022-02889-9
https://doi.org/10.1186/s12877-022-02889-9
https://www.iipsindia.ac.in/sites/default/files/LASI_India_Report_2020_compressed.pdf
https://www.iipsindia.ac.in/sites/default/files/LASI_India_Report_2020_compressed.pdf
https://pubmed.ncbi.nlm.nih.gov/30082889/
https://pubmed.ncbi.nlm.nih.gov/30082889/
https://journals.plos.org/globalpublichealth/article?id=
https://journals.plos.org/globalpublichealth/article?id=
https://doi.org/10.1371/journal.pgph.0001151
https://pubmed.ncbi.nlm.nih.gov/36698545/
https://pubmed.ncbi.nlm.nih.gov/36698545/
https://www.mdpi.com/1660-4601/20/1/242/htm
https://www.mdpi.com/1660-4601/20/1/242/htm
https://www.nature.com/articles/s41598-023-34391-6
https://link.springer.com/article/
https://doi.org/10.1007/s11325-020-02061-w
https://doi.org/10.1007/s11325-020-02061-w
https://pubmed.ncbi.nlm.nih.gov/33201455/
https://pubmed.ncbi.nlm.nih.gov/33201455/
https://bjgp.org/content/60/574/319
https://pubmed.ncbi.nlm.nih.gov/19738366/
https://pubmed.ncbi.nlm.nih.gov/18779464/
https://pubmed.ncbi.nlm.nih.gov/36687461/
https://pubmed.ncbi.nlm.nih.gov/23617614/
https://pubmed.ncbi.nlm.nih.gov/23617614/
https://www.kjfp.or.kr/journal/view.html?
https://doi.org/10.21215/kjfp.2018.8.5.696
https://pubmed.ncbi.nlm.nih.gov/35993919/
https://www.mdpi.com/1660-4601/18/18/9887/htm
https://www.mdpi.com/1660-4601/18/18/9887/htm
https://pubmed.ncbi.nlm.nih.gov/26234532/
https://pubmed.ncbi.nlm.nih.gov/26234532/

	Utilizing machine learning to identify fall predictors in India’s aging population: findings from the LASI
	Abstract 
	Background 
	Methods 
	Results 
	Conclusions 

	Introduction
	Data and methods
	Data

	Methodology
	Balancing the dataset
	Splitting the sample into training and testing data
	Variable description
	Outcome Variable
	Predictors
	Sample description


	Results
	Discussion
	Limitations of the study

	Conclusion
	Acknowledgements
	References


