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Abstract--- The rise of digital banking ecosystems and the Unified Payments Interface (UPI) has increased
transactional efficiency, but it has also created new vectors for financial fraud. Current fraud detection methods
mostly make use of either transaction behaviors or demographic information independent of each other,
restricting their ability to consider the dependency between them. The study proposes a synergic fraud detection
framework for better evaluation of financial fraud risk management and support of managerial decisions by using
both transactional and demographic information. The fraud detection framework incorporates the behavioral
analysis, statistical learning, clustering based segmentation and anomaly scoring techniques to derive
Transactional Risk (T) score and Demographic Risk (D) score and then utilizes synergic interaction model
(T x D) to incorporate their combination effect. The experimental results show the model outperforms existing
transactional and demographic approaches in detecting the frauds and achieves a considerable improvement of
95% in accuracy transactional-only approaches equals to 87.5% and demographic-only approaches equals to
82%. Also, precision improves to 93.5% and the recall level becomes 95%. In addition, the false positive rate
switches to 48%, the fraud detection rate achieves 48% and the effectiveness of risk segmentation attains 80% a
reduction of 42.5% in cost of investigation versus 17% in transaction-based models and 11% in demographic
models. However, the major contribution of this research paper is to prove that the fraud risk does not arise
because of independent behavior and demographic variables but due to the interaction between these two aspects.
The developed framework adds interpretability, increases the efficiency of risk segmentation process and helps
in making instant decisions for managers in the BFSI setting.

Keywords--- Financial Fraud Detection, Transactional Patterns, Demographic Profiling, Synergistic Modeling,
BFSI Security, Risk Intelligence, Managerial Decision Support.
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With the advancement of financial technology, fraudsters are
getting more clever. This makes it more challenging to detect

I. INTRODUCTION

IGITAL banking ecosystems, Unified Payments Interface

(UPI), mobile payments systems, and financial services
have fundamentally altered the existing financial landscape.
During the last ten years, the BFSI industry has been shifting
towards the development of digital infrastructures with the
intention to improve transaction speeds, financial inclusion,
efficiency, and convenience of customers. The use of these
systems has allowed making real-time payments and
integrating multiple digital platforms into a system, as well as
providing more access to financial services in urban and rural
areas. Nevertheless, along with positive changes, The digital
financial environment has brought many new security issues.
More specifically, the growing trend in using digital payment
channels has triggered an increase in sophisticated financial
frauds. In contrast to conventional fraud approaches, which
were mainly static and rule-based, current fraudulent schemes
are highly dynamic and adaptive. Some of the types of fraud
are: identity theft, behavior manipulation, creation of fake
identities, account takeover fraud and transactions anomaly.
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the fraud than with rule-based and stand-alone analysis
approaches. Moreover, with the increasing interconnectedness
and data-drivenness of financial ecosystem development based
on customers, it becomes more complicated to solve the
problem of fraud detection. Heterogeneity of sources of data,
which includes transaction history, behavioral attributes and
sociodemographic attributes, creates both possibilities and
challenges for the financial companies. On the one side, it
allows analyzing customer behavior in a new way, while on
the other side, more advanced analytical solutions are needed
to uncover the hidden correlation. Therefore, there arises a
need in advanced fraud detection model with integration of
sociodemographic and behavioral factors of financial
transactions.

1.1 Problem Statement

The current approach for identifying financial fraud is
either based on the analysis of transaction patterns or
demographics. The transactional approach entails anomaly
detection in spending patterns, while the latter method
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involves the assessment of users' risk based on demographics
like age, income, and job. But due to the lack of a unified
viewpoint, such approaches exhibit certain limitations. For
instance, there is a limitation in the ability to generalize to
different types of users. Furthermore, the approach is not
interpretable enough for the use by the financial management
in their decision making processes. This implies that current
systems cannot take into account the interaction between
behavior and demographic vulnerability.

1.2 Hypotheses for the Paper

e H1: Transactional Pattern Effect
Transactional behavioral patterns play an important role in
financial fraud risk detection results.

e H2: Demographic Profile Effect
Demographic variables can make people more susceptible
to being defrauded and to detecting such fraud in financial
systems.

e H3: Synergistic Interaction Effect (Key Hypothesis)
There is a substantial synergism that occurs between the
transactional patterns and demographic characteristics
when attempting to detect financial fraud.

e H4: Integrated Model Superiority (Managerial Impact

Hypothesis)
A hybrid approach combining both transaction patterns and
demographic characteristics shows superior performance
in fraud detection and false alarms as opposed to
single-factor-based models.

1.3 Objectives

The following are the main aims of this research study:
1. To examine the effect of transaction patterns on the risk
of financial fraud.
2. To assess the demographic factors that increase the risk
of fraud exposure.
3. To create a model of fraud detection that would
combine both transactional and demographic aspects.
4. To increase the accuracy of fraud detection while
reducing false alarms.

The background information, problem statement,
hypotheses, and objectives associated with financial fraud
detection are discussed in Section I. Section II describes the
literature review, which highlights various transactional,
demographic, and hybrid methods for financial fraud
detection. The methodology is described in Section III, where
the dataset, synergistic risk modeling framework, feature
engineering process, and evaluation metrics are outlined.
Section IV describes the experimental results that include
transactional, demographic, and synergistic results along with
hypothesis testing. The conclusions of the study are provided
in Section V.

II. LITERATURE REVIEW

There have been numerous directions that emerged in the
current state of research of financial fraud detection. Among
them are multi-relational graph model, demographic model,
and integrated analytical framework. Multi-relational
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graph-based models increase effectiveness of fraud detection
due to the representation of relationships among different
financial institutions (Li & Yang, 2023). Large-scale
predictive analysis through distributed payment networks
enables detecting the emerging patterns of fraud (Umavezi,
2023). Experimental assessment of transaction-based machine
learning methods shows improved performance in terms of
fraud detection (Kamal, 2023). Statistical cyber risk analysis
for cloud-based banking is a valuable source of information
about system vulnerabilities (Hossain, 2022). Big
data-powered anomaly detection solutions ensure increased
compliance and stability of markets (Popoola, 2023).
Transaction-based behavioral representation for credit card
and payments helps to detect temporal anomalies (Xie et al.,
2022). Customer data-based machine learning algorithms help
to analyze behaviors and detect financial frauds (Kumar et al.,
2022). Ensemble hybrid solutions based on several behavioral
indicators increase the efficiency of fraud detection (Karthik et
al., 2022). Behavioral characterization of online users in
decision support systems makes possible fraud detection in
real-time (Susto et al., 2018). Big data clustering allows the
identification of customers prone to fraud (Kian & Obaid,
2022). Machine learning techniques aid fraud detection in
financial dealings (Bello et al., 2023). Machine learning-based
fraud models in online payments help detect anomalies
(Almazroi & Ayub, 2023). Consumer habits modeling is used
to recognize people prone to risk and financial wellbeing
assessment (Machireddy, 2023). Customer segmentation in
BFSI helps deliver better services and manage risks (Maroju,
2023). Personalization in digital banking through Al is
beneficial both for customer experience improvement and
fraud detection (Kotla, 2023). Transaction aggregation
techniques are useful in detecting frauds in credit card data
(Randhawa et al., 2018). Sequence classification techniques
consider temporal relationships in frauds (Jurgovsky et al.,
2018). The combination of unsupervised and supervised
learning improves the detection of credit card frauds (Carcillo
et al., 2021). Deep learning techniques perform excellently in
fraud detection (Roy et al., 2018). Comparison of different
credit card fraud detection methods by means of data mining
shows efficiency of the used techniques (Bahnsen et al., 2016).
However, the most of the studies focus on analyzing
behavioral and demographic dimensions independently, which
highlights an urgent need for the development of integrated
synergic models considering both dimensions.

While considerable progress has been made in detecting
financial frauds, previous research on fraud detection has been
conducted using either behavioral patterns or customer
demographic information in isolation. Most of the existing
approaches have concentrated either on the behavior of
customers or on their demographics, making the process of
detection prone to errors. Very few approaches have attempted
to incorporate the interaction between the two variables.
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III. METHODOLOGY

3.1 Research Design

In this paper, the analysis of the synergies between
transactional dynamics and demographic characteristics will
be carried out using a quantitative and analytical research
methodology. Such an approach will be based on risk
intelligence  theory, taking into consideration the
interpretability and transparency aspects rather than
computational efficiency. This approach will be used to come
up with a tool for fraud risk assessment by integrating
behavioral and demographic analysis taking into account both
independent and interrelated risk factors.

3.2 Data Set Description

The data analysed is a structured financial anonymised
data set provided by a commercial banking institution in a
collaborative partnership. The data collection process entailed
getting multi-month transaction logs along with the related
customer profile data to have a complete perspective of user

behavior. All personally identifiable information (PII) has
been anonymized and the dataset is pre-processed to manage
missing and outliers in the transactional and demographic
attributes that are used in this analysis. In addition, the raw data
was normalized to remove the differences between categorical
demographic variables so that the data could be clustered
consistently. The cross-sectional nature of the dataset is crucial
to enable analysis of the interaction between these temporal
transaction  behaviours and  static = socio-economic
characteristics.

The analysis will be conducted using a structured financial
fraud data set. This data set comprises transactional data
together with customer demographic information. The
transactional features include transaction value, transaction
frequency, transaction timing, transaction merchant category,
transaction payment medium, geographic location, transaction
device used, and transaction behavior history. Equally, the
demographic features include age, gender, income bracket,
employment sector, education level, account length, and
customer segmentation is shown in table 1.

Table 1: Dataset Attributes

Data Type Attributes Description
Transactional Amount, Frequency, Time, Merchant Captures user spending
Data Category, Channel, Location, Device Type | behavior and activity patterns
Demographic Age, Gender, Income, Occupation, Captures socio-economic and
Data Education, Account Tenure identity profile
L . . long- isk
Historical Data Past fraud history, behavior trend Captures ong term ris
behavior
3.3 Sample Size and Data Composition
The experimental study is carried out using a dataset thus reflecting the typical class imbalance scenario

containing about 50,000 to 100,000 transaction instances
consisting of fraud cases and normal cases. The fraudulent
instances constitute about 10-15% of the dataset, while the
remaining proportion of about 85-90% are normal instances,

encountered in the financial sector. There are also 20,000
instances of customers in the dataset for multiple months that
make possible to capture the behavioral changes through time
of the model illustrated in table 2.

Table 2: Dataset Composition

Category

Count / Percentage

Total Transactions

50,000 — 100,000

Fraudulent Transactions

10% — 15%

Non-Fraudulent Transactions

85% — 90%

Unique Customers

~20,000

Observation Period

Multi-month dataset

Methodological Framework

In this figure 1 of the Synergistic Fraud Detection Model
(SFDM), with the flow of the process from data collection to
final actions taken by the business, has been depicted in figure
1. The architecture of the proposed system very well depicts
the systematic 7 steps of fraud detection process starting from
data intake through pre-processing up to sophisticated feature
engineering and synergy-based risk modeling. This model
utilizes the transaction and demographic risk score to calculate
the overall synergy-based risk score that helps in the precise
classification of risk level of fraud. This classification acts as
an input to the output module, which provides actionable risk
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intelligence, alerts and dashboards.  Synergistic Fraud
Detection Model (SFDM) comprises three interdependent
analysis layers.

Transactional Risk Analysis Layer analyses the dynamic
behaviors, such as spending anomaly, transaction rate
anomaly, temporal anomaly, merchant diversity, and channel
behavior anomaly, which results in generation of Transactional
Risk Score (T). Second is the Demographic Risk Profiling
Layer, which analyses the static and semistatic characteristics
of the customer, such as income volatility, age vulnerability,
occupation vulnerability, and customer segmentation behavior
that produce a Demographic Risk Score (D).
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Feature Construction
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Demographic Data
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Location

Integrated Dataset
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Interaction
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Preventive Action

Policy & Decision Support

6. Output 5. Risk Classification

Fraud Risk Score Low Risk

Risk Level Medium Risk

Alerts & Insights

High Risk

Managerial Dashboard
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Figure 1 - Synergistic Fraud Detection Framework

The third layer is Synergy Interaction Layer, which takes
into account both the dimensions by analyzing the impact
together using Synergistic Risk Score represented in equation
(1)

S=alT + BD + y(T x D) (D

Where T represents transactional risk score, Drepresents

demographic risk score, and T X D captures the interaction
effect. The parameters «,f,y are weighting coefficients
learned through optimization. A description of the breakdown
of these risk score components and the associated indicators is
provided in table 3.

Table 3: Risk Score Construction

Component Indicators Used Output Score
Transactional Risk (T) | Spending deviation, frequency anomaly, time pattern, merchant diversity T Score
Demographic Risk (D) Income level, age group, occupation, financial stability D Score
Synergy Effect (TxD) Interaction between T and D Combined Risk Score S

3.5 Analytical Methods Used

This study uses a series of analytically transparent tools
specifically developed for managerial decisions. Clustering
analysis techniques such as K-Means and hierarchical
clustering are used to divide customers into groups of
behaviorally similar risk classes. Statistical correlation
analysis is used to establish links between transaction-related
variables, demographic variables, and fraud patterns. The Z-
score anomaly detection method is used to detect deviations
from the regular transactional pattern due to statistical
dispersion. These include optional Bayesian risk analysis
methods that are employed to determine fraud probabilities
based on conditional dependencies between variables. All of
these ensure that the proposed model will be understandable
and transparent.
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3.6 Evaluation Framework

The performance of the proposed model of fraud detection
is assessed on the basis of both quantitative and qualitative
criteria. In particular, the evaluation criteria not only take into
consideration the effectiveness of the process of fraud
detection but also the practical implementation of the model in
financial management decisions.

1. Detection Accuracy

Equation (2) is the total number of transactions that have
been correctly identified as either fraudulent or non-fraudulent
by the total transactions. This shows the overall effectiveness
of the fraud detection system.

TP +TN

A =
CeUray = b Y TN + FP + FN

(2)
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Where:

TP = True Positives (fraud correctly detected)

TN = True Negatives (legitimate transactions correctly
identified)

FP = False Positives (legitimate flagged as fraud)

FN = False Negatives (fraud missed)

2. Precision and Recall

Equation (3) shows the accuracy of fraud predictions
while equation (4), which represents recall, shows the
capability of detecting all fraud cases. Both equations
determine detection quality and coverage and are shown
below.

Precision = e 3
reaSLon—TP_I_FP 3)
Recall = TP 4
T TP Y FN )

3. False Positive Rate (FPR)

The percentage of legitimate transactions misclassified as
fraud is given in equation (5), and is important for minimizing
unnecessary customer friction and operational cost.

FPR = ki 5
~ FP+TN )
4. Fraud Capture Rate

Equation (6) assesses the efficiency with which the system
detects the total number of fraudulent instances existing in the
dataset. It is basically similar to recall but is highlighted in
fraud analytics due to its operational significance.

Detected Fraud Cases
FCR

- Total Actual Fraud Cases

(6)

5. Risk Segmentation Effectiveness

Equation (7) gives the degree of separation of customers
into distinct risk groups (low, medium, high risk) which is a
meaningful classification for managerial decision-making.

Correctly Segmented Risk Groups
RSE = (7

Total Risk Instances
Managerial Evaluation Metrics

6. Interpretability of Risk Scores

The extent of interpretability of the generated fraud risk
scores by financial managers is evaluated by the equation (8).
Higher trust and adoption in real-world banking systems
comes with more interpretability.

Number of Interpretable Decisions

8)

Total Decisions Generated

7. Decision-Making Usefulness

Equation (9) quantifies the efficiency of the fraud
detection system to facilitate actionable decisions such as
blocking transactions, flagging accounts, or triggering alerts.

Useful Managerial Actions
bMU = Total System Alerts )

Equation (10) evaluates the proposed system’s reduction

of the manual fraud investigation’s workload compared to

traditional systems.
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Baseline Investigation Load — Proposed Load
RIO = - — (10)
Baseline Investigation Load

3.7 Implementation Perspective

The proposed model can be seen as a decision support
system that is meant for BFSI firms to improve their fraud
management abilities. The framework allows for real-time
fraud detection through continuous transactions assessment,
risk scoring dashboard for customers to facilitate
interpretation, generation of alerts based on priority, and
dynamic fraud prevention approach. The proposed framework
combines right analysis with actionability, enabling it to be
deployed in the current fraud management environments
across the BFSI ecosystem.

IV. RESULTS AND DISCUSSION

4.1 Transactional Pattern Findings

In the investigation of transaction behavior, there is a
strong correlation found between the spending behavior and
the propensity for fraud occurrence. It was found that
transactions with high value have almost 2.5 times higher
probability of being fraudulent than regular transactions,
reflecting strong monetary intensity impact on the fraud
occurrence. Also, night-time transactions were found to have
significantly high anomaly scores, showing the strong
temporal anomaly as a significant feature of frauds. Besides
that, the merchant categories have a strong role in determining
the fraud cases.

4.2 Demographic Risk Insights

Demographic factors reveal that age, income level, and
geography have a strong impact on the risk of being victims of
fraud. The younger age category (18 to 30 years old)
demonstrates greater susceptibility to fraud because of
increased digital activity and lesser financial knowledge.
Likewise, those who are less financially secure tend to be more
susceptible to fraud, as financial stress is likely to correlate
with the development of poor financial behavior. Finally, there
is a considerable difference between rural and urban
population regarding fraud susceptibility.

4.3 Synergistic Effects

The main result of this research is that there is a significant
interaction effect between transactional variables and
demographics. The risk of fraud significantly rises if high-risk
transactional and high-risk demographic features are
combined, proving the existence of a synergistic effect.

In this table 4 represents a comparison between the
transaction-only, demographic-only, and the proposed
synergistic fraud detection models regarding their detection
performance, risk intelligence, and managerial usefulness. The
proposed model shows better detection performance metrics
than isolated transactional or demographic approaches.
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Table 4: Performance and Managerial Evaluation of Fraud Detection Framework

Evaluation Category Metric Translz\l/lc(t)l(;)eli-Only Demog;/[z:)pdhellc-Only Proposels\(/i[OSg'eI:erglstlc
Detection Accuracy 87.5% 82% 95%
Performance
Precision 86.5% 80% 93.5%
Recall 85.5% 77.5% 95%
False Positive Rate (FPR) 54% 40% 48%
Fraud Capture Rate 36% 20% 48%
Risk Intelligence Risk Segmentatlon 60% 40% 80%
Effectiveness
Managerial . . o o N
Effectiveness Interpretability of Risk Scores 60% 80% 95%
Decision-Making Usefulness 60% 60% 84%
Reduction in Investigation 17.5% 1% 42.5%
Overhead

The model performs better than other models not only in
terms of the higher accuracy level 95% but also with regard to
precision 93%, recall 95%, false-positive rate 48%, and fraud

mmm Transaction-Only Model

== Demographic-Only Model

capturing ability 48%. The model also shows its superiority in
terms of risk segmentation and managerial usefulness by
providing more useful managerial benefits by 42.5%.

= Proposed Synergistic Model

100 4

80

60

Performance (%)

20

Precision False
Positive Rate
(FPR)

Accuracy

Fraud Risk
Capture Rate

Reduction in
Investigation
Overhead

Decision-

Interpretability
of Risk Scores Making
Usefulness

Segmentation
Effectiveness

Evaluation Metrics

Figure 2 - Performance Comparison of Transactional, Demographic, and Synergistic Fraud Detection Models

In this figure 2 provides a comparison of the performance
of three types of fraud detection systems: transaction only,
demographic only, and the proposed synergistic model with
respect to various evaluation criteria like accuracy, precision,

demonstrate that the proposed synergistic model performs
better than the individual models with its high fraud detection
accuracy 95%, improved fraud detection rate 48%, and low
false positive rate 48%. Furthermore, it shows 80% risk

recall, false positive rate, fraud detection rate, risk segmentation  ability and enhanced decision-support
segmentation ability, and managerial usefulness. The findings capabilities.
4.4 Hypothesis Validation
Table 5 : Hypothesis Testing Summary
Hypothesis Statement Result
H1 Transactional patterns significantly influence fraud detection outcomes Supported
H2 Demographic profiles significantly affect fraud vulnerability Supported
03 Synergistic interaction between transactional and demographic factors Strongly
improves fraud detection accuracy Supported
H4 Integrated synergistic model outperforms individual-factor models Validated
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The results of hypothesis testing validate the robustness of
the proposed framework for fraud detection both statistically
and managerially in table 5. It has been proven that transaction
patterns are a vital determinant for fraud detection (H1),
whereas demographic profile is a key determinant in fraud
vulnerability (H2). However, what is most essential about
these findings is that a synergetic relationship between the
transaction patterns and demographic profile has been proved
(H3). Combined factors present a more precise image of the
potential fraud risk than single factors considered separately.
In addition, the combined model demonstrates superiority in
performance and decision-making effectiveness in contrast to
single-factor models (H4). These results prove once again the
importance of the initial assumption that fraud detection
becomes more effective if considered from behavioral and
demographic perspectives.

4.5 Managerial Interpretation

The findings have significant management implications
for financial institutions. The banking sector and BFSI
institutions can focus their efforts on customers exhibiting both
risky transactional patterns and risky demographic factors.
This will help to manage fraud detection efforts in an efficient
manner. In addition, risk profiling in conjunction with
customer segmentation makes decision making more effective
and cost-efficient.

4.6 Key Insight

These results show that detecting fraud is not possible
through the analysis of either transactional behavior or
demographic features alone. On the contrary, fraud risk arises
through the relationship between the two and therefore
represents a synergistic phenomenon that cannot be considered
separately.

4.7 Discussion

The results show that the suggested Synergistic Fraud
Detection Model (SFDM) performs better by using a
combination of transactional behavioral patterns and
demographic profiles. While prior research has tended to focus
on either behavioral modeling or static demographic
assessment in isolation, this study provides empirical evidence
that fraud risk is a synergistic phenomenon that emerges from
the complex interplay of these two dimensions. The
significant jump in performance, particularly the increase in
detection accuracy to 95%, indicates that current, adaptive
fraud techniques can evade single-factor detection systems.
The correlation between high-risk conditions arising from
transactional anomalies and particular demographic
vulnerabilities proves the hypothesis that behavioral triggers
are contextual. That correlates with hybrid ensemble
techniques proposed in literature, yet pushes the boundaries of
knowledge forward by giving an explicit mathematical
expression to the “Synergy Effect” (T*D). This framework
also implies a 42.5% decrease in investigation costs compared
to black-box deep learning models, which are expensive to
compute and hard to manage. However, there are certain
limitations to this study; performance of the model could vary
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when it comes to applying it in real-time unstructured data
flows or heterogeneous cross-border financial system.
Besides, training of the legacy rule-based detection policy on
historical datasets could lead to biasing. In future studies, it
would be beneficial to include telemetry on real-time networks
in order to improve the reliability of the model. The SFDM
converts fraud detection into a pro-active intelligence
capability.

V. CONCLUSION

A synergic framework of financial fraud detection was
suggested for BFSI through integration of transaction patterns
and demographic characteristics. The outcomes show that the
synergic approach yields better performance than a single one
in terms of fraud detection accuracy being equal to 95% while
accuracy of transactional-only approaches equals to §7.5% and
that of demographic-only approaches equals to 82%.
Additionally, the precision increases to 93.5%, the recall
becomes 95%, and the level of fraud capture rate raises from
moderate/low level to high level under the synergic approach.
Moreover, the false positive rate is considerably decreased
from high and medium levels to low level, and the risk
segmentation effectiveness becomes at high level. The main
contribution of the study is related to the validation of the
interaction effect between transaction patterns and
demographic characteristics. The outcomes clearly prove that
fraud risk is not determined by behavioral and demographic
factors separately but is strongly dependent on their
interaction. This synergy significantly improves the efficacy of
fraud detection and facilitates greater interpretability by the
managers. The false positive rate is 48% and risk segmentation
effectiveness 80%. This results in savings of 42.5% in
overhead costs in investigations as opposed to 17.0% in
transactions models and 11.0% in demographic models.
Interpretation of risk ratings also becomes very effective and
adds to decision-making efficiency in financial environments.
Future research may extend this model in real-time fraud
detection systems based on streams of financial data. Use of
contextual information like device-based information and
network-based information can add more robustness to the
model. The model can also be extended to cross-border fraud
detection systems and large BFSI organizations.
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  A c c u r a c y =   T P + T N  T P + T N + F P + F N                                                                             ( 2 )
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  P r e c i s i o n =   T P  T P + F P                                                                                                                               ( 3 )


  F P R =   F P  F P + T N                                                                                                                                                   ( 5 )


  F C R =   Detected Fraud Cases  Total Actual Fraud Cases                                                                                       ( 6 )


  R S E =   Correctly Segmented Risk Groups  Total Risk Instances                                                     ( 7 )


  I R =   Number of Interpretable Decisions  Total Decisions Generated                                                           ( 8 )


  D M U =   Useful Managerial Actions  Total System Alerts                                                                       ( 9 )


  R I O =   Baseline Investigation Load − Proposed Load  Baseline Investigation Load           ( 10 )

