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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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Introduction
Falls are a major concern among older adults

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

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].

in India

60 years
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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]
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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
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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-SEF 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
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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,

Data Cleaning and Screening Process

Testing Dataset

Dataset used for
model precision
testing (N=2904)

itting the Data

Dividing into training
(~70%) and testing
datasets (~30%)

Inclusion and
Exclusion Criteria

Filtering to include
only eligible
individuals of
N=44066
respondents

Fig. 1 Data cleaning and sample selection of the study

Training Dataset

Dataset used for
model training
(N=6610)

Reducing dataset to
balance fall
occurrences
N=9514; (4757 falls)

LASI Sample

Initial sample of
N=72250
respondents



Bharadwaz et al. BMC Geriatrics

(2025) 25:181

Page 6 of 11

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

Predictor Category Prevalence of Fall P-value of Chi-square test of
(N=44,062) Association of the Balanced
Sample

Fall No 89.21
Yes 10.79

Wealth Quintile Poorest 10.77 >0.05
Poorer 12.32
Middle 1237
Rich 12.27
Richest 12.07

Depression No 10.92 <0.01
Yes 17.21

Age 45-49 10.88 <001
50-54 10.22
55-59 11.50
60-64 1347
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 1294 <001
Secondary 10.60
Tertiary 1191

Marital Status Not Currently Married 13.62 <0.01
Currently Married 1143

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 1452

Does Exercise No 10.85 >0.05
Yes 12.07

Chronic lliness None 9.85 <0.01
1-2 Chronic llinesses 13.07
More than 2 chronic lliness 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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Table 2 ntree values and the measures of accuracy derived
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ntree value Accuracy (%) F1score (¥*100) Balanced Accuracy (%) 95% Cl of Accuracy (%)
50 63.40 61.19 63.40 61.61-65.15

100 6291 60.65 62.92 61.13-64.67

150 63.09 61.10 63.09 61.30-64.84

200 63.19 614 64.95 61.40-64.95

250 63.22 614 64.95 61.40-64.95

300 63.26 61.30 63.26 61.47-65.01

Cl Confidence Interval

Table 3 Variable importance across ntree values and its average

Predictor\ntree 50 100 150 200 250 300 Average
Wealth <0.01 <001 <0.01 <001 <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 <001
Sleep Trouble 0.01 0.02 0.02 0.02 0.01 0.02 0.01

ADL Activities of Daily Living

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 Fl-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
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Fig. 2 Conditional Inference Tree of classification of Falls

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

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]

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%]

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
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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
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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.
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