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ABSTRACT

This research framework provides a small sample-based comprehensive approach to studying the impact
of loss aversion bias on life insurance product selection using neural network analysis and bootstrapping.
By focusing exclusively on loss aversion as a latent variable, along with a few selective demographic
profiles, the study provided deeper insights into the cognitive processes that drive consumer behaviour
in the form of the degree of loss aversion bias along with demographic variables that impact buying
insurance policies in the life insurance market. The findings are valuable for academic research in
behavioural finance and practical applications in the insurance industry.

Keywords: Loss aversion bias, life insurance product, neural network, bootstrapping

1. Introduction

Loss aversion bias is a key concept in behavioural economics as behavioural finance. It significantly
affects consumer decision-making, particularly in contexts involving risk and uncertainty, such as life
insurance.

2. Literature review

To ensure a systematic insight into the existing literature on loss aversion bias in life insurance decisions,
relevant studies were sourced from academic databases such as Google Scholar. A total of 77 papers
were selected based on the citation score of the documents that popped up when the Keywords like "loss
aversion," "life insurance," "decision-making "and" behavioural finance" neural network analysis,
Bootstrapping, studied for detailed review.

Loss aversion reference suggests that losses are perceived as more significant than gains of the same
magnitude. This principle is crucial in understanding financial decisions, including life insurance, where
the potential for future losses (e.g., loss of income or financial stability) drives purchasing behaviour.
Loss aversion, a concept from behavioural economics, plays a critical role in life insurance decisions, as
individuals tend to avoid losses more strongly than they pursue equivalent gains. This bias often
influences consumers to purchase life insurance as a protective measure against potential financial losses
rather than for the potential benefits.

The bias of loss aversion directly impacts how individuals perceive and react to life insurance. People
tend to overvalue potential losses compared to gains, influencing their decisions to purchase insurance
as a safeguard. This bias makes them more likely to opt for insurance products that provide guaranteed
returns or protection, thereby reinforcing the industry's focus on loss-prevention features rather than the
potential benefits of investment-linked policies.

The choice of buying life insurance is beset with intricate dimensions. [1] Life insurance can serve as an
investment vehicle, combining protection with savings or investment components, offering returns and
tax benefits. Hence, Life Insurance has the character of an Investment

[2] Life insurance is often seen as a tool for loss aversion, minimizing potential future financial loss by
providing payouts upon adverse events. This is pertinent.

[3] Life insurance is also considered a loss prevention tool, providing financial support to dependents
and covering potential risks.

Thaler suggests that consumers segregate insurance expenses into a "loss" account, making them
particularly sensitive to potential out-of-pocket costs when selecting insurance. This suggests insurance
is more of Loss aversion than the other dimensions.

Demographic factors influence decision-making regarding the choice of going for a life insurance
policy or not going for that. These include factors like Age,
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gender, and family structure as moderators of loss aversion Income Level- Economic, demographic, and
institutional determinants of life insurance consumption across countries, Marital Status.

2.1 The research gap that emanates from the above survey of the literature is whether demographic
variables determine alone choice of insurance product buying alone or whether the degree of Loss
Aversion bias determines that or they collectively influence the choice of insurance product buying ;and,
if collectively, then moot question is which of these are important to what extent. Normally neural
network analysis is carried out with a large number of samples ,but this is possible for a small number
of samples with appropriate scientific methodology. Whether small-sized sample-based studies reveal
similar findings or not- this was another motivation for the present study.

2.2 Significance of the study: Understanding the underlying cognitive biases, consumer perceptions,
and policy implications can provide valuable insights into how consumers make insurance decisions and
how insurers and regulators can better design and present life insurance products to align with consumer
needs and preferences.

3. Methodology followed
3.1 Research Objectives
1. To identify the degree to which loss aversion bias influences the selection of life insurance policies.
2. To predict the likelihood of policy selection or non-selection based on the level of loss aversion bias.
3. To evaluate the predictive capability of a neural network model in understanding the non-linear
relationships between loss aversion bias and life insurance product selection where profiles of the
decision makers are acting as mediating variables.
4. To validate the model predictions using bootstrapping techniques to ensure robustness and
generalizability.
5. Whether small-sized sample-based studies reveal similar findings or not compared to the large
sample-based studies

3.2 Scope of the study: The study focused exclusively on how loss aversion bias—considered as a latent
variable—affects the decision-making process for purchasing or not purchasing life insurance products
mediated by the personal profile of the decision maker regarding the decision to buy a policy or not.

3.3 Sample and Data Collection Method

A purposive sampling was done and a questionnaire was served to 50 respondents. However complete
responses were received from 41 respondents selected through purposive sampling to represent different
demographic and socioeconomic backgrounds — like age, gender, total annual income (including all
sources), marital status, family member’s number, years of work experience. Participants were also
subjected to answering 10 items in the scale to measure the degree of Loss aversion bias in a five-point
scale. Participants' choices regarding their past buying of Life Insurance policies were elicited as binary
outcomes were categorized as 1 for selection and 0 for non-selection.

3.4 Analysis design

The latent Variable considered for the study was Loss Aversion Bias since it cannot be directly observed
but can be inferred from respondents' answers to specific questions. A series of 10 statements were
identified and respondents were asked to respond on a 5-point scale to gauge their level of loss aversion.
This latent variable was also used as an input variable.

10 statements were used to identify the underlying variable Loss Aversion bias (in this case, the 10 items
in the current scale). Calculated the reliability score (Cronbach's alpha) for the scale was calculated. The
reliability score indicates the consistency of the items in measuring a latent construct. Higher reliability
(usually above 0.7) suggests that the scale is reliable.

Neural network Analysis is particularly useful in this context due to its ability to model complex, non-
linear relationships that traditional regression methods may not capture. In the present study, the non-
linear relationship was assumed. A neural network model was developed to analyze the relationship
between the latent variable (loss aversion bias) and demographic variables as input variables and a neural
network model was created with input nodes for demographic factors and loss aversion bias score,
hidden layers for capturing non-linear interactions, and an output node for predicting the selection of life
insurance policies.

Outcome Variable was Life Insurance Product Selection. The outcome variable, life insurance product
selection, is defined as a binary variable: 1 for selecting a policy and 0 for not selecting a policy. Input
variables are Age [variable2], Marital status [variable3], Number of dependent(s) [variable4],Years of
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work Experience (number of years) [variable5], Approximate total annual income (including all sources)
[variable6] Please indicate whether you currently have any life insurance policies [variable7],loss
aversion score [variable 22].

Here multilayer perception was used. Accordingly, data partitioning was done training: test = 70:30.
Automatic architecture selection with a minimum number of units in hidden layer =1, and a maximum
number of units in hidden layer=50 was done, Type of training used — batch training, missing values in
covariates and scale-dependent variables were excluded, a number of epoch (repetition) was set
automatic.

The Analysis of Case Processing Summary, Network Information, Network Diagram, Model Summary,
Classification, Parameter Estimates, Area Under the ROC [Receiver Operating character] Curve [both
graph and score], Independent Variable Importance including Normalized Importance scores and graph
as generated by SPSS16 was done to assess the model performance.

Bootstrapping techniques were used to validate the neural network model's predictions. Bootstrapping
involves repeatedly sampling from the same dataset with replacement and estimating the model to assess
the stability and reliability of the predictions. This process helps in understanding the variability and
confidence intervals of the model's output, providing a robust check against overfitting. This provided a
measure of internal consistency.

Bootstrapping was used to generate multiple resampled datasets and re-run the neural network model
additional time to check for the consistency of results. Analysis of the distribution of predictions across
the bootstrapped samples is used to estimate the coefficient of variation and assess prediction stability.
This indicated the Generalisation capacity of the model.

Bootstrapping is a robust statistical technique that can help in estimating the stability and generalizability
of a reliability score (such as Cronbach's alpha) by generating multiple resamples from the original
dataset.

By creating multiple bootstrapped subsamples, each consisting of 80% of the original sample size (which
is approximately 33 respondents for each subsample) for 11 times neural network analysis. It was
possible to generalize the reliability score calculated by scale reliability measure using bootstrapped
subsamples. Similarly for Model Summary, Classification, Area Under the ROC [Receiver Operating
character] Curve [score], Independent Variable Importance including Normalized Importance scores as
generated by SPSS16 generated by neural network analysis done for the same data set and then
estimating the coefficient of variation of these 10 sets provides the estimate of the internal consistency
of the model generated by neural network model.

Generalizing the Reliability Score required the reliability scores obtained from the 11 bootstrapped
subsamples. These were used to get the mean, standard deviation and coefficient of variation to get a
generalized overall reliability estimate. Generalization was done for Similarly for Model Summary,
Classification, Area Under the ROC [Receiver Operating character] Curve [score], Independent
Variable Importance including Normalized Importance scores as generated by SPSS16 generated by
neural network analysis done for on the different data set generated by and then estimating the coefficient
of variation of these 10 data sets provides the estimate of the internal consistency of the model generated
by neural network model. Given that the original sample size is relatively small (41 respondents),
bootstrapping is particularly valuable because it helps mitigate the limitations of small sample sizes by
generating multiple datasets for analysis. Ultimately the model was run.

4. Results
Sample Profile
Table I: Gender Profile of samples
Frequency Percent
Female 22 53.65854
Male 19 46.34146
Total 41 100

Source: compiled from survey data

Table I1: Age profile of samples
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Age

26
27
29
30
31
32
33
34
35
36
37
38
39
40
41
42
45
48

Frequency

Total
Source: compiled from survey data

SN

P PFPNMNMNNEPEPNENNMNNNMNOOOONOOORPRERPRERPDN

Percent

4.878049
2.439024
2.439024
2.439024
12.19512
17.07317
7.317073
12.19512
4.878049
4.878049
4.878049
2.439024
4.878049
2.439024
4.878049
4.878049
2.439024
2.439024

100

Table I11: Marital Status of samples
Percent

marital Frequency
status

Divorce 1
Married 26
Single 13
Widowed 1
Total 41

Source: Compiled from survey data
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439024

63.41463
31.70732

2.

Table IVV: Family members size

OOl WN - O

9

Total
Source: compiled from survey data

Frequency

2
10
6

[ e I R R

4

Percent

4.878049
24.39024
14.63415
17.07317
17.07317
17.07317
2.439024
2.439024

100

439024
100

Table V: Years of works experience

O NO Ol WN

11
12

Frequency

WFRP WEFE,PA~,WWDNPEFE N

Percent

17.07317

19

5122

2.439024
4.878049
7.317073
7.317073
9.756098
2.439024
7.317073
2.439024
7.317073
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15 1 2.439024
17 1 2.439024
18 1 2.439024
21 1 2.439024
23 1 2.439024
Total 41 100

Source: compiled from survey data

Table VI: Approximate total annual income
(including all sources)

Frequency Percent
Less than 400000 18 43.90244
400001 - 600000 10 24.39024
600001 - 800000 7 14.63414
800001 - 1000000 3 7.317073
1000001 - 120000 3 7.317073
1200001 and Ab 1 2.439024
Total 41 100

Source: compiled from survey data

Table VII: whether respondents currently have any life insurance

policies
Percent
Frequency
No 18 43.90244
Yes 23 56.09756
Total 41 100

Source: compiled from survey data

The sample profile is the testimony of the confluence of various dimensions which are self-

explanatory.

4.1 Model Testing and Prediction:

Table VIII: Indicators used to measure the degree/level of / score of Loss aversion bias

variable | I prefer low-risk investments with guaranteed returns over high-risk high-reward
12 options

variable | I am more comfortable investing in life insurance schemes that have a fixed sum
13 assured rather than those linked to market performance

variable I would rather avoid investing in life insurance schemes if there is a possibility of
14 losing my principal amount

variable | I tend to choose life insurance plans that offer stability even if the returns are

15 lower

variable | I feel anxious about investing in life insurance schemes that involve any level of
16 uncertainty or risk

variable | I believe it is better to be safe than sorry so | avoid life insurance plans with

17 variable returns

variable | I prefer life insurance products that guarantee a payout even if it means paying
18 higher premiums

variable | The fear of potential losses makes me hesitant to invest in life insurance schemes
19 with fluctuating benefits

variable

20 | prioritize security over potential high returns when choosing life insurance plans
variable | I would avoid investing in life insurance unless | can be sure of receiving back at
21 least my premium payments.

Source: compiled from a survey of literature

A reliability score of 0.765 [Cronbach alfa] leaves behind the evidence that indicators are competent
enough to measure the level of loss aversion bias in the choice of buying or not buying an insurance

product.
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4.2 Case processing summary

Table IX: Case Processing Summary of the

Sample  Training
Testing

Valid

Excluded

Total

Source: compiled from survey data

model

N
21
17
38

3
41

The data set used for neural network analysis consisted of 41 samples out of these only 3 items were
excluded because of missing values as well as data consistency. The exclusion made the model
performance a robust one. This ensures that the model is adequately trained and tested on separate data

sets.

Input Layer

Hidden
Layer(s)

Output Layer

Table X: Network Information of the model

Factors

Covariates

Number of Units [
Rescaling Method for
Covariates

Number of Hidden
Layers

Number of Units in
Hidden Layer la
Activation Function

Dependent Variables
Number of Units
Activation Function
Error Function

a. Excluding the bias unit
Source: compiled from survey data
From the above, it can be discerned that the model can effectively learn from the data and assess how

the choice of policy is determined by demographic variables and level of loss aversion bias.

1

N

AP OWODNPEFEP W

Gender
Marital status

Approximate total annual income (including all

sources)
Age

Number of dependent(s)

Years of Experience (number of years)

loss aversion score

Standardized

Hyperbolic tangent

12

Please indicate whether you currently have any

life insurance policies

Softmax
Cross-entropy

2

Parameters of estimates: This includes the weights and biases associated with each connection between
neurons and the network. These parameters are adjusted during training to minimize the error between
the predicted and actual values. Thus, it guides the model to capture better the underlying patterns in the
data. This optimization process fine-tunes these parameters to improve the accuracy and effectiveness
of the model's prediction.

4.3 Weights and biases
These parameters try to adjust during training to minimize prediction error. Weights are the indicators of
the strength of connections between neurons, while biases shift the activation function to help the
network learn complex patterns.
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L=

(e )

Source: compiled from survey data

This diagram is a simple feed-forward neural network with one hidden layer. The input layer consists of
6 variables followed by a hidden layer of 3 neurons and output layers with two possible outcomes. The
synaptic weights between layers are either positive [blue lines] or negative [grey lines]. The activation
function used is the sigmoid function for the hidden layer and SoftMax for the output layer.

Parameter Estimates

Predictor

Input Layer  (Bias)
[VAR00001=Female]
[VAR00001=Male]
[VARO00003=Married]
[VAR00003=Single]
[VAR00006=1]
[VAR00006=2]
[VAR00006=3]
[VAR00006=4]
VAR00002
VVAR00004
VVAR00005
VAR00022

Hidden Layer

1 (Bias)
H(1:1)
H(1:2)
H(1:3)

Source: compiled from survey data

Predicted
H(1:1)
0.634

0.515
-0.414
-0.129
-0.338

0.245

0.329

0.197
-0.312
-0.646
-0.465

0.357

H(1:2) H(1:3) [VAR00007 [VARO00007
=No ] =Yes]

-0.34 0.23
-0.452  0.404
-0.094 0.0745
-0.434 -0.026
0.465 -0.431
-0.400 0.284
0.474 0.294
-0.344 -0.467
-0.304 -0.341
-0.317 0.030
-0.108 -0.409
-0.461 -0.045
0.385 0.192

-0.122 -0.190

-0.985 0.821

0.447 0.378

0.351 0.479

The numerical values associated with the network diagram are reflected in the table. The weights
between the hidden layer and output layers represent the influence of each hidden neuron on the

predicted outcome.

4.4 Model accuracy
Table XI: Model Summary score of the model
N Cross Entropy 10.70895999
Training Error
Percent
Incorrect 23.80952381
Predictions
1 consecutive step(s)
Stopping Rule | with no decrease in error
Used [a]
Training Time 0:00:00
. Cross Entropy 10.35317238
Testing Error
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Percent

Incorrect 29.41176471

Predictions
Dependent Variable: Please indicate whether you currently have any life insurance policies
a. Error computations are based on the testing sample.

Source: compiled from survey data

The key matrix here includes a percentage of incorrect prediction and cross-entropy error. These metrices
provide insight into how well the model can classify the dependent variable across both training and
testing data set. From the data above it can be discerned that the model is calibrated and performs
effectively in predicting the dependent variable related to the decision to purchase of insurance product.

4.5 Confusion matrix:
Table XI1I: Classification scores

Sample Observed Predicted
Percent
Correct
Training No 7 3 70
Yes 2 9 81.81818
Overall 1) 65714 57.14286 76.19048
Percent
Testing No 5 2 71.42857
Yes 3 7 70
Overall

47.05882 52.94118 70.58824
Percent

Dependent Variable: Please indicate whether you
currently have any life insurance policies
Source: compiled from survey data

It provides a detailed breakdown of the model's classification performance ,comparing observed
outcomes with predicted ones. This signifies the model's classification power. This hints at the model's
precision and recall contributing to the overall evaluation of its accuracy. Overall accuracy in the training
data set is 77% and in the test set is 71%. This is evidence that the model is the best-performing
classification function and highly effective in predicting the choice for buying a life insurance product.

4.6 ROC and AUC

10 |

o

Sensitivity

T T T T
o 2 4 B B 10
1 - Specificity

Dependent Yariable: Please indicate whether you currently have any life insurance policies

Source: compiled using survey data
Table XII1: Area Under the Curve of the model

Area
Plegsg indicate whether you currently have any life insurance 0.787115
policies No
Yes 0.787115

Source: compiled from survey data

These are the key metrics used to evaluate the performance of a binary classifier. The ROC demonstrates
the tradeoff between sensitivity and specificity. Thus, indicates the model's classification power. Since
the score is 0.78711, it is evident that the model can very well classify the decision makers who would
go for life insurance products or not.
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4.7 Significance predictor:

Table XI1V: Independent Variable Importance of the model
Importance Normalized

Importance
Gender 0.103625 35.92528
Marital status 0.022557 7.820249
Approximate total annual income (including all 0.067397 3 36545
sources)
Age 0.145675 50.50349
Number of dependent(s) 0.288446 100
Years of Experience (number of years) 0.200556 69.52963
loss aversion score 0.171744 59.54101

Source Compiled from survey data using spss 16

o

2q%

Mormalized Importance

4q%

Gq%

Sq%

1009

WARODOO4—]

WARODOOS]

N AROD0Z2—

WARODOOZ2—]

' AR00001—]

WARODOOE—]

WARODOOSZ—] I

.00

T
0.05

T
o010

T
0135

Importance

Source: compiled from Survey data

Number of dependents [.28], years of work experience [.20] and loss aversion score [.17] are the most
impactful variables. Interestingly approximate total income is less impactful than loss aversion bias
supporting the claim of prospect theory. Interestingly gender and Marital status are less impactful
variables in the choice of life insurance product buying.

Given the data set and the selected methodology, from the above tables and diagrams generated by

Neural network analysis, it is discernible that the model in question is an optimum fit.

4.8 Assessment of internal consistency

Table XV: Model Summary scores for Internal consistency
Training Testing
Cross Entropy | Percent Incorrect Cross Entropy | Percent Incorrect
Error Predictions Error Predictions
run 01 11.1887 21.875 4942313 22.22222
run 02 12.10019 20.68966 3.669539 9.090909
run 03 15.53252 23.07692 8.96971 46.15385
run 04 14.03197 25 9.634765 29.41176
run 05 16.66868 24.13793 6.70758 33.33333
run 06 12.03634 14.81481 8.778451 28.57143
run 07 11.52246 20 2.955141 10
run 08 15.54817 22.22222 8.722365 28.57143
run 09 11.70149 17.85714 6.496082 38.46154
run 10 15.86914 26.92308 7.297122 21.42857
average 13.61997 21.65968 6.817307 26.7245
SD 1.923721 3.196321 2.104801 10.49653
cv 14.12427 14.75701 30.87438 39.27679
Source: compiled from survey data
660
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Table XVI: Classification score regarding Interna consistency
Sample Training Testing
Overall Overall
No Yes Percent No Yes Percent
Percent
69.23077 | 84.21053 |  78.125 100 50 | 77.77778
Correct
Percent | 6923077 875 | 79.31034 75 100 | 90.90909
Correct
Percent 70|  81.25| 76.92308 25 100 | 53.84615
Correct
Percent | o3 33333 | 66.66667 75 | 66.66667 | 72.72727 | 70.58824
Correct
Percent | 76 92308 75 | 75.86207 80 | 57.14286 | 66.66667
Correct
Percent 80 | 88.23529 | 85.18519 50 100 | 71.42857
Correct
Percent | o7 14286 100 80 75 100 90
Correct
Percent 60 | 88.23529 | 77.77778 62.5 | 83.33333 | 71.42857
Correct
Percent | o9 23077 | 93.33333 | 82.14286 60 62.5 | 61.53846
Correct
Percent
Correct | 7272727 7333333 | 73.07692 | 85.71429 | 71.42857 | 78.57143
average | 70.78188 | 83.77644 | 78.34032 | 67.9881 | 79.7132| 73.2755
sD | 7.349166 | 9.012949 | 3.196321 | 18.70543 | 17.74913 | 10.49653
cv | 10.38283 | 10.75833 | 4.080046 | 27.5128 | 22.26624 | 14.32474
Source: Compiled from survey data
Table VII: Area Under the Curve score — internal
consistency
No Yes
sample 1 0.896135 0.896135
sample 2 0.902813 0.902813
sample 3 0.698413 0.698413
sample 4 0.777778 0.777778
sample 5 0.785024 0.785024
sample 6 0.81401 0.81401
sample 7 0.906566 0.906566
sample 8 0.775362 0.775362
sample 9 0.850242 0.850242
sample 10 0.739899 0.739899
average 0.814624 0.814624
sD 0.065372 0.065372
Cv 8.024752 8.024752

Source: compiled from survey Data
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Table XVIII: Independent VVariable Importance Score for Internal Consistency
Approximate
total annual Years of
income Experience | loss
Marital | (including all Number of | (number of | aversion
Gender | status sources) Age dependent(s) | years) score
Sargf'e 0.049191 | 0.076256 |  0.242266 | 0.240902 |  0.154644 | 0.135147 | 0.101594
661



Journal of Informatics Education and Research
ISSN: 1526-4726
Vol 5 Issue 1 (2025)

Sag‘zp'e 0.069356 | 0.099359 013444 | 0.135538 |  0.323475| 0.11708 | 0.12075
Sargg"e 0.041485 | 0.025667 0120188 | 0.245109 |  0.047461 | 0.227964 | 0.292125
Sargf'e 0.082166 | 0.069021 0.109264 | 0.254885 |  0.235441 |  0.12992 | 0.119304
sag‘g'e 0.013626 | 0.106264 0127732 | 0.227133 |  0.415587 | 0.104797 | 0.004862
Sag’g'e 0.052205 | 0.078856 0.198694 | 0.228975 |  0.188058 | 0.159496 | 0.093716
Sag‘;"e 0.068073 | 0.069046 0.082382 | 0.311758 |  0.186085 | 0.165864 | 0.116793
sag‘gp'e 0.076129 | 0.149517 0.104371 | 0.160331 |  0.346999 | 0.111111 | 0.051542
Sag‘g'e 0.050037 | 0.081332 0.117079 | 0.338681 |  0.220111 | 0.088086 | 0.104675
SaTg'e 0.022976 | 0.021782 0.126504 | 0.232383 |  0.339739 | 0.033867 | 0.222749
average | 0.052525 | 0.07771 0.136292 | 0.237569 024576 | 0.127333 | 0.122811
SD | 0.020195 | 0.033634 0.043255 | 0.054507 |  0.099655 | 0.046579 | 0.073438
v 38.4495 | 43.2817 31.73727 | 22.94356 |  40.54965 | 36.58062 | 59.79769

Source: compiled from survey data

Table XIX: Independent Variable Importance Normalized Importance score for internal
consistency
Approximate
total annual Years of
income Experience | loss
Marital | (including Number of | (number of | aversion
Gender | status all sources) | Age dependent(s) | years) score
Sa”ip'e 20.30459 | 31.47599 100 | 99.43709 |  63.83237 | 55.78431 | 41.93472
sample
2 21.4409 | 30.71617 41.56127 | 41.90072 100 | 36.19457 | 37.32908
sargple 1420126 | 8.786206 |  41.14264 | 83.90537 |  16.24674 | 78.03652 100
sample
4 32.23669 | 27.07933 42.8679 100 92.37154 | 50.97201 | 46.80694
sample
5 3.278637 | 25.56964 30.73538 | 54.65345 100 25.2165 | 1.169811
Sa”gp'e 22.79942 | 34.43851 |  86.77528 100 | 8213044 | 69.65626 | 40.92834
Sa”;p'e 21.83527 | 22.1474 |  26.42494 100 | 50.68887 | 53.20281 | 37.46269
sample
3 21.93937 |  43.08865 30.07814 | 46.20487 100 | 32.02042 | 14.85367
sample
9 14.77415 | 24.01432 34.5692 100 64.9907 | 26.00846 | 30.90655
sample
10 6.76278 | 6.411398 37.23572 | 68.40045 100 | 9.968612 | 65.56466
average | 17.95731 | 25.37276 47.13905 | 79.4502 77.92607 | 43.70605 | 41.69565
SD | 7.633112 | 10.05299 22.75548 | 22.07568 24.63972 | 19.36989 | 24.33128
cv 42.507 | 39.62119 48.27309 | 27.78556 31.61936 | 44.31857 | 58.35449

Source: compiled from the survey data

For assessing internal consistency, same model was applied 10 repeated times on the same 41 samples.
From the above mean, standard deviations and coefficient of variation, derived based 10 times neural
network analysis on the same set of data revealed that there exists internal consistency of the model
applied.

5. Results of Generalization based on bootstraps sampled
Table XX: Generalization of Reliability Score
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sample number Cronbach's Alpha
1 0.77409

2 0.76587

3 0.82055

4 0.78534

5 0.79411

6 0.72294

7 0.76148

8 0.80707

9 0.71146

10 0.77455

11 0.78534

N 11
Minimum 0.71146
Maximum 0.82055
Mean 0.77298
Std. Error 0.00984
Std. Deviation 0.03264
Cv 4.22246

Variability Low

Source: Compiled from survey Data

Table XXI: Generalization of Model Summary Scores

http.//jier.org

sample Cross Entropy Percent Incorrect Cross Entropy Percent Incorrect
number Error Predictions Error Predictions
1 12.14472 28 3.138564 15.8
2 9.872748 17.3913 3.757094 25
3 12.18943 42.10526 6.237615 30
4 10.34221 13.04348 2.956434 12.5
5 10.8871 16.66667 2.020427 0
6 13.89264 38.09524 4.698982 37.5
7 10.92261 17.3913 1.450642 0
8 10.4047 16.66667 3.469907 16.66667
9 7.160427 25 7.912791 21.4
10 15.94094 32 5.026928 21
11 10.1423 21.73913 3.313081 16.7
N 11 11 11 11
Minimum 7.160427 13.04348 1.450642 0
Maximum 15.94094 42.10526 7.912791 37.5
Mean 11.26362 24.37264 3.998406 17.8697
Std. Error 0.689502 2.901428 0.563438 3.411453
Std. Deviation
2.286819 9.622946 1.868713 11.31451
CcvV 20.3027 39.48258 46.73645 63.31673
Variability moderate High High High
Source: Compiled from survey Data
Table XXII: Generalization of Classification Scores
Overall Overall
sample number | No Yes Percent No Yes Percent
1 61.53846 | 83.33333 72 100 50 60
2 81.81818 | 83.33333 82.6087 80| 66.66667 75
3 11.11111 100 57.89474 0 87.5 70
4 81.81818 | 91.66667 86.95652 | 66.66667 100 87.5
5 80 | 85.71429 83.33333 100 100 100
6 80 | 83.33333 81.81818 100 75 88.88889
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7 72.72727 | 91.66667 82.6087 100 100 100
8 87.5 81.25 83.33333 75 100 83.33333
9 80 | 71.42857 75| 66.66667 | 66.66667 66.66667
10 63.63636 | 71.42857 68 | 33.33333 50 42.85714
11 87.5 | 73.33333 78.26087 75 0 60
N 11 11 11 11 11 11
Minimum 11.11111 | 71.42857 57.89474 0 0 42.85714
Maximum 87.5 100 86.95652 100 100 100
Mean 71.60451 | 83.3171 77.43767 | 7242424 | 72.34848 75.84055
Std. Error 6.571946 | 2.713803 2.59366 | 9.511725 | 9.338485 5.425891
Std. Deviation
21.79668 | 9.000665 8.602198 | 31.54682 | 30.97225 17.99564
Cv 30.44038 | 10.8029 11.10854 | 43.55837 | 42.80981 23.72826
Variability high Low moderate High high High
Source: Compiled from survey Data
Table XXIII: Generalisation of Independent Variable Importance Scores
Approximate
total annual Years of
income Experience | loss
sample Marital | (including Number of | (number of | aversion
number | Gender | status all sources) | Age dependent(s) | years) score
1 0.039322 | 0.118372 0.13896 | 0.271743 0.256254 0.10514 0.070208
2 0.082308 | 0.131983 0.178423 | 0.035444 0.226564 | 0.178459 0.166819
3 0.188611 | 0.036886 0.192463 | 0.033365 0.228836 | 0.181912 0.137926
4 0.100481 | 0.079609 0.13131 | 0.298405 0.229443 | 0.069719 0.091033
5 0.007362 | 0.141644 0.032656 | 0.413267 0.268797 | 0.136273 0.007362
6 0.007752 | 0.003001 0.138413 | 0.310315 0.005224 | 0.149515 0.38578
7 0.080946 | 0.10131 0.115507 | 0.194854 0.285539 | 0.061147 0.160695
8 0.026701 | 0.025729 0.066885 | 0.212468 0.372624 | 0.251432 0.04416
9 0.062707 | 0.030511 0.189895 | 0.187757 0.172193 | 0.124583 0.232354
10 0.029507 | 0.125075 0.06107 | 0.05367 0.179611 | 0.250542 0.300524
11 0.100645 | 0.109149 0.234493 | 0.204858 0.097931 | 0.154468 0.098456
N 11 11 11 11 11 11 11
Minimum | 0.007362 | 0.003001 0.032656 | 0.033365 0.005224 | 0.061147 0.007362
Maximum | 0.188611 | 0.141644 0.234493 | 0.413267 0.372624 | 0.251432 0.38578
Mean 0.066031 | 0.082116 0.134552 | 0.201468 0.211183 | 0.151199 0.15412
Std. Error | 0.016052 | 0.014907 0.018853 | 0.036813 0.029478 0.01893 0.034303
Std.
Deviation | 0.053237 | 0.04944 0.062529 | 0.122095 0.097769 | 0.062783 0.11377
Cv 80.62404 | 60.20803 46.4715 | 60.60292 46.29557 | 41.52313 73.81932
Variability | High High High High high high high
Source: Compiled from survey Data
Approximat
e total
annual Years of
income Number of | Experienc | loss
sample Marital | (including dependent(s | e (number | aversion
number | Gender | status all sources) | Age ) of years) score
1 14'4702 43'5603 51.1366 100 94.30028 | 38.69095 25'836(6)
36.3286 | 58.2539 7875171 15.6440 100 737674 73.6297
2 4 3 3 6
3 82'421; 16.11906 84.10528 14'5803 100 | 79.49463 60'2723
33.6726 | 26.6781 44.00394 100 76.89008 | 23.36403 30.5066
4 7 6 9
664
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S 1'7815(3) 342743 | 7.901905 100|  65.04202 | 32.97464 1'78152
] 2'0094; 0‘77792 35.87887 80‘4383 1354065 | 38.75655 100
283485 | 354803 | oo | 682407 100 | 2141460 | 362778
7 6 6 8 9
. 7'1657‘6‘ 6.90472 | 17.94982 57'019? 100 | 67.47619 | 11.85109
. 26'9872 13.13 1;‘ 81.72652 80806; 74108 | 53.61782 100
0 9'8185; 41.6191 203213 17'858; 59.76586 | 83.36847 100
42.9201 | 46.5468 0| BT3CL| o T | 419866
1 5 8 7 6
N 1 T 1 T T T T
Minimum | 1.78150 | 0.77799 14.5804 178150
3 71 7.901905 4| 1354065 | 21.41469 3
Maximum | 82.4217

9| 5825503 100 100 100 | 83.36847 100
Mean | 25.9931 | 29.3951 65.6318 54.7402
9 2| 5111165 51 73.92936 | 53.07258 3
Std. Error | 7.10526 | 5.48620 10.4156 10.7722
7 8| 9288756 8 9.4021 | 6.972888 7
Std. 18.1956 34,5448 35.7275
Deviation | 23.5655 9| 3080732 o| 3118324 | 23.12645 9
Cv 90.6603 61'9002 60.27455 52'6342 4217977 | 4357514 | ©° '26?

;’a“ablht high High High high high high high

Source: Compiled from survey Data

From the above mean, standard deviations and coefficient of variation, derived based 11 times neural
network analysis on the different sets of sample data revealed that there exists external validity of the
model applied. Thus, is evident model is stable with variations of samples which were generated by
bootstrapping. This further says that findings that loss aversion bias stands before income but after the
age and size of family members.

6. Discussion

It has been found that the degree to which loss aversion bias influences the selection of life insurance
policies and loss aversion bias predicts the likelithood of policy selection or non-selection as it was
derived from the evaluation of the model including the internal consistency and generalization, there
exists a predictive capability of a neural network model in understanding the non-linear relationships
between loss aversion bias and life insurance product selection where profiles of the decision makers are
acting as mediating variable. More pertinently, neural networks can be applied to small-sized sample-
based studies and they reveal similar findings compared to the large sample-based studies. This is proved
as loss aversion bias has more impact on policy choice than that of income from all sources [including
from insurance maturity and bonus]. Loss aversion bias significantly influences life insurance decision-
making by emphasizing the avoidance of potential losses over potential gains. This study highlights how
insurers use this bias to design products that appeal to loss-averse consumers and how cultural,
psychological, and technological factors shape these decisions. This bias leads consumer to prefer
avoiding losses over acquiring equivalent gains, impacting their choices in selecting life insurance
policies or packages. Thus, there exists a Role of Loss Aversion Bias in Loss aversion effort while
Buying Life Insurance Product.

7. Limitations: Small sample sizes can still lead to biased factor loading and reliability estimates. Issues
like types of life insurance products with varying levels of coverage, premium costs, and benefits. Health
Status and Education Level were not studied and may be considered with larger samples.

8. Scope of the future study: [1] Role Technological and Digital Platform Influences on Loss Aversion
[2] Exploration of how digital and Al-driven insurance platforms affect loss aversion in decision-making.
[3] The impact of real-time data, personalized recommendations, and digital nudges in shaping insurance
purchasing behaviour. [4] Regulatory and Policy Implications of Loss Aversion in Insurance Markets.
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9. Conclusion

This research framework provides a comprehensive approach to studying the impact of loss aversion
bias on life insurance product selection using neural network analysis and bootstrapping. By focusing
exclusively on loss aversion as a latent variable, along with a few selective demographic profiles, the
study aimed to provide deeper insights into the cognitive processes that drive consumer behaviour in the
life insurance market. The findings are valuable for both academic research in behavioural finance and
practical applications in the insurance industry.
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