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Abstract—Accurate evaluation of tender prices is critical in 

construction procurement, particularly in public sector projects 

where financial efficiency and transparency are essential. 

However, traditional evaluation methods are often affected by 

abnormal bids, leading to inconsistent and potentially biased 

decision-making. This study proposes the J-Selaras Statistical 

Filtering Algorithm (JSFA), a data-driven approach that 

integrates normalization relative to Anggaran Jabatan (AJ), Z-

score-based outlier detection, and a dual-threshold mechanism for 

cut-off determination. A simulated tender dataset was constructed 

to represent realistic bidding behavior, including both typical and 

extreme pricing scenarios. The results demonstrate that the 

proposed algorithm effectively identifies abnormal bids, reduces 

data dispersion, and stabilizes the estimation of central tendency. 

The initial dataset exhibited high variability (σ=44.63), which was 

significantly improved after filtering, resulting in an adjusted 

mean of 𝝁𝒂𝒅𝒋 = 𝟏𝟎. 𝟖𝟑. The final cut-off value (C=9.21) provides a 

statistically grounded threshold for tender evaluation. The 

findings indicate that JSFA enhances the objectivity, consistency, 

and transparency of procurement decision-making by mitigating 

the influence of outliers. The algorithm is computationally 

efficient and scalable, making it suitable for integration into digital 

procurement systems such as J-Selaras. This study contributes a 

practical and reproducible framework for improving tender 

evaluation processes in public sector construction projects. 
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I. INTRODUCTION 

Accurate and consistent evaluation of tender prices is a 
fundamental requirement in public sector procurement to ensure 
transparency, cost-effectiveness, and financial sustainability [1]. 
In construction projects managed by Jabatan Kerja Raya (JKR) 
Malaysia, tender evaluation involves the assessment of multiple 
contractor submissions against the government’s cost estimate, 
commonly known as Anggaran Jabatan (AJ). However, 
variations in tender submissions frequently introduce 
challenges, particularly when abnormal bids, including 
extremely low or excessively high prices, occur. These irregular 
bids may affect the reliability of evaluation outcomes and 
increase the risk of selecting unrealistic contract values [2]. 

The increasing adoption of data-driven techniques in 
construction management has created opportunities to improve 
the accuracy and objectivity of procurement decision-making 
[3]. Previous studies have demonstrated that statistical and 

computational approaches can enhance consistency in 
construction cost analysis by reducing dependence on subjective 
judgment and manual assessment [4]. Nevertheless, existing 
tender evaluation practices still largely rely on conventional 
approaches, such as average-based estimation, lowest-price 
selection, or expert judgment, which may not adequately handle 
extreme price variations. These methods are particularly 
vulnerable to distortion caused by abnormal tender values, 
resulting in biased estimates and potential inaccuracies in 
identifying reasonable market prices [5]. 

Abnormal bids, also referred to as freak tenders, may occur 
due to several factors, including strategic underpricing, 
misunderstanding of project requirements, incomplete cost 
estimation, or calculation errors during tender preparation [6]. If 
such anomalies are not effectively detected and managed, they 
may lead to budget overruns, contract disputes, and increased 
project implementation risks. Previous research has explored 
various statistical and computational methods for anomaly 
identification; however, many approaches focus primarily on 
general outlier detection without considering the specific 
characteristics and decision requirements of construction tender 
evaluation. For example, conventional statistical methods such 
as Z-score analysis provide a quantitative measure of deviation 
from the mean and have been widely applied in anomaly 
detection problems [7,8]. However, their effectiveness may be 
limited when applied directly to tender datasets because 
construction bids often exhibit non-normal distributions 
influenced by market conditions, project complexity, and 
contractor pricing strategies. 

Recent studies have investigated more advanced data-driven 
approaches, including clustering, machine learning, and 
predictive analytics, to improve construction cost estimation and 
risk assessment. While these approaches provide valuable 
analytical capabilities, they often require large historical 
datasets, complex parameter tuning, or extensive computational 
resources, which may reduce their practicality for routine 
government tender evaluation processes. Therefore, a 
lightweight, transparent, and domain-adaptive approach is 
required to support procurement officers in identifying abnormal 
tender prices while maintaining interpretability and alignment 
with existing JKR evaluation practices. 

To address these limitations, this study proposes the JSFA 
(JSelaras Framework/Approach), which integrates statistical-
based outlier detection using Z-score analysis with a domain-
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informed threshold mechanism for tender price rationalization. 
Unlike conventional approaches that rely solely on average 
values or lowest-bid selection, JSFA provides a systematic 
procedure to identify abnormal bids and standardize tender price 
evaluation based on historical tender characteristics. The 
proposed approach is validated using a case study involving JKR 
Malaysia tender data to evaluate its effectiveness in improving 
evaluation consistency and reducing subjective decision-
making. The key contributions of this study are: 

• A normalization framework based on deviation from 
Anggaran Jabatan (AJ). 

• A Z-score-based method for detecting abnormal tender 
prices. 

• A statistically grounded mechanism for determining 
tender price cut-off thresholds. 

The remainder of this study is organized as follows: 
Section II presents the related works and discusses existing 
tender evaluation and anomaly detection approaches, 
highlighting their limitations and research gaps. Section III 
describes the proposed JSFA methodology, including the data 
preparation, threshold formulation, and abnormal bid 
identification processes. Section IV details the algorithm 
implementation. Section V presents the experimental results and 
discussion based on the JKR Malaysia case study. Finally, 
Section VI concludes the study and outlines potential directions 
for future research. 

II. RELATED WORKS 

Construction procurement is increasingly influenced by 
data-driven methodologies aimed at improving transparency, 
efficiency, and decision accuracy [9]. Recent studies emphasize 
the integration of analytics and digital tools to support 
procurement processes, particularly in evaluating contractor 
performance and pricing strategies. However, while data 
availability has improved, analytical capabilities in tender 
evaluation remain limited [10]. 

Traditional tender evaluation methods rely on price 
comparison, ranking techniques, and expert judgment [11]. 
While widely adopted, these approaches are prone to bias and 
may not adequately address abnormal pricing behavior. 
Research in construction management has shown that relying 
solely on lowest-bid selection or simple averaging can lead to 
suboptimal outcomes, particularly in the presence of extreme or 
strategic bids [12]. 

Statistical approaches have been widely used to detect 
anomalies in datasets across engineering and economic domains 
[13]. Techniques such as Z-score analysis, interquartile range 
(IQR), and robust statistical estimators enable systematic 
identification of outliers [14]. Among these, Z-score methods 
are particularly effective due to their simplicity and 
interpretability in standardizing deviations relative to 
distribution parameters [15]. 

From a statistical learning perspective, outlier detection 
plays a critical role in improving model reliability and ensuring 
that extreme values do not distort analytical outcomes. 
Foundational work in statistical learning further supports the use 

of standardization techniques for anomaly detection in 
structured datasets [16]. 

A foundational development in this niche is the J-Selaras 
model, which introduced the use of the Z-Score Altman model 
to rationalize BQ rates in the Malaysian construction industry. 
This framework specifically addresses the time-consuming 
manual processes traditionally used in tender evaluation by 
identifying acceptable rate ranges through adjusted means and 
cut-off analysis [17]. 

Recent research has shifted from purely statistical filters to 
hybrid machine learning approaches. For instance, [18] explored 
the use of structural parameters and data preprocessing with 
algorithms like SVM and Random Forest to estimate contract 
values in public construction tenders, achieving high predictive 
accuracy. 

A scientometric analysis of construction bidding between 
1975 and 2022 highlights that the relationship between the 
number of bidders and project bid prices remains a critical 
research area, with studies increasingly utilizing fuzzy linguistic 
and quantitative decision-making methodologies [19]. 

Despite advancements in digital procurement systems and 
statistical analysis techniques, there remains a lack of integrated 
frameworks that combine normalization, outlier detection, and 
cut-off determination within a unified algorithm tailored for 
tender evaluation [20]. 

Existing approaches either focus on digital platforms 
without sufficient analytical depth or apply statistical techniques 
without structured implementation in procurement workflows 
[21]. This gap highlights the need for a comprehensive statistical 
filtering algorithm that is both methodologically robust and 
practically applicable. 

The proposed J-Selaras Statistical Filtering Algorithm 
(JSFA) addresses this gap by integrating statistical 
normalization, Z-score-based filtering, and cut-off 
determination into a cohesive framework for tender price 
evaluation. 

III. METHODOLOGY 

The J-Selaras Statistical Filtering Algorithm (JSFA) is 
developed based on the JKR case study as a structured analytical 
framework for evaluating tender prices in construction 
procurement. All simulated datasets are applied based on the real 
case study but have had variables changed due to confidentiality 
and privacy. The algorithm is designed to systematically identify 
abnormal bids and derive a statistically justified cut-off value 
that supports objective decision-making. 

The proposed method addresses key limitations of 
traditional tender evaluation approaches, particularly their 
sensitivity to extreme values and lack of standardized analytical 
procedures. By integrating normalization, statistical parameter 
estimation, and outlier detection within a unified pipeline, the 
algorithm ensures consistency and reproducibility in tender 
price assessment. 

The JSFA operates through six sequential stages, as briefly 
illustrated in Fig. 1. 
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Fig. 1. Six stages in the J-Selaras statistical filtering algorithm. 

A. Tender Data Acquisition 

The initial stage of the J-Selaras Statistical Filtering 
Algorithm (JSFA) involves the systematic acquisition of tender-
related data required for analysis. This stage ensures that all 
relevant pricing inputs are collected and structured before 
statistical processing. 

The primary inputs consist of: 

Tender price submissions 𝑃𝑖  provided by participating 
contractors and Anggaran Jabatan (AJ), representing the 
government’s internal cost estimate. 

Formally, the dataset can be defined as: 

𝐷 = {(𝑃1, 𝐴𝐽), (𝑃2, 𝐴𝐽), … , (𝑃𝑁 , 𝐴𝐽)}   (1) 

where, each 𝑃𝑖  corresponds to an individual contractor’s bid 
associated with the same project-specific AJ. 

In the context of the J-Selaras framework, this data is 
typically obtained from digital procurement workflows, where 
tender submissions are recorded in structured formats such as 
spreadsheets or databases. The acquisition process includes 
extracting tender prices from submitted Bills of Quantities (BQ), 
verifying consistency of units and pricing formats, and 
associating all bids with the corresponding AJ value. 

This stage is critical because the reliability of subsequent 
statistical analysis depends on the integrity and completeness of 
the input dataset. Any inconsistencies, missing values, or 
formatting errors at this stage may propagate through the 
algorithm and affect the accuracy of the final cut-off 
determination. 

By standardizing the data acquisition process, the JSFA 
ensures that all tender prices are evaluated within a consistent 
analytical framework, forming a robust foundation for 
normalization and outlier detection in subsequent stages. 

B. Tender Price Normalization 

Following data acquisition, the next stage involves 
transforming raw tender prices into a standardized analytical 
format to enable meaningful comparison across submissions. 
This step is necessary because absolute tender values vary 
significantly across projects and cannot be directly compared 
without normalization. 

To address this, each tender price is normalized relative to 
the Anggaran Jabatan (AJ), which serves as the official 
benchmark cost estimate for the project. 

Let the set of tender prices be defined as: 

𝑃 = {𝑃1, 𝑃2, … , 𝑃𝑁}                 (2) 

where, 𝑃𝑖  represents the bid submitted by contractor i, and 
AJ is the corresponding government estimate. 

Each tender price is transformed into a percentage deviation 
from AJ using: 

𝐵𝑊𝑖 =
𝑃𝑖−𝐴𝐽

𝐴𝐽
 𝑥 100                 (3) 

This normalization process converts all tender values into a 
relative scale, enabling direct comparison regardless of project 
size or cost magnitude. Positive values of 𝐵𝑊𝑖  indicate bids 
above the government estimate, while negative values indicate 
bids below AJ. 

The normalization step serves two key purposes: it 
standardizes all tender submissions onto a unified scale by 
removing dependency on absolute monetary values, and it 
establishes a consistent reference framework anchored to AJ for 
subsequent statistical analysis. 

By anchoring all observations to a common benchmark, this 
transformation ensures that later stages of the JSFA, particularly 
statistical parameter estimation and outlier detection, are 
performed on a coherent and comparable dataset. 

C. Statistical Parameter Estimation 

Following normalization, the statistical properties of the 
dataset are computed to characterize the overall distribution of 
tender prices. 

The mean (μ) and standard deviation (σ) are calculated as: 

𝜇 =
1

𝑁
∑ 𝐵𝑊𝑖

𝑁
𝑖=1                              (4) 

𝜎 = √
1

𝑁
∑ (𝐵𝑊𝑖

𝑁

𝑖=1
− 𝜇)²        (5) 
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The mean represents the central tendency of the tender price 
deviations, while the standard deviation quantifies the 
dispersion of the dataset. These parameters form the basis for 
identifying abnormal pricing behavior, as they define the 
expected range of variation among tender submissions. 

D. Freak Tender Detection 

To identify abnormal bids, each normalized value is 
converted into a Z-score:  

𝑍𝑖 =
𝐵𝑊𝑖−𝜇

𝜎
                              (6) 

The Z-score measures how many standard deviations a given 
tender price deviates from the mean of the distribution. 

A tender is classified as a freak tender if: 

∣ 𝑍𝑖 ∣ > 2.33                           (7) 

This threshold corresponds to a 99% confidence interval 
under the assumption of approximate normality, indicating that 
such values are statistically rare and likely to represent 
anomalies. 

All tenders identified as freak values are excluded from 
further analysis. This filtering step reduces the influence of 
extreme bids, ensuring that subsequent calculations are based on 
representative data. 

E. Adjusted Mean Calculation 

After removing abnormal tenders, the dataset is recomputed 
to obtain a more stable estimate of central tendency: 

𝜇𝑎𝑑𝑗 =
1

𝑀
∑𝐵𝑊𝑖                          (8) 

where, M represents the number of remaining valid tenders 
after filtering. 

The adjusted mean provides a refined estimate of realistic 
market pricing by excluding statistically inconsistent bids. This 
value serves as a key reference point for determining the 
acceptable pricing range in the final evaluation stage. 

F. Cut-Off Price Determination 

The final stage of the algorithm determines a statistically 
justified cut-off value for tender evaluation. This cut-off 
represents the lowest acceptable threshold below which bids 
may be considered unrealistic or financially unsustainable. 

Two candidate thresholds are computed: 

Proportional reduction from adjusted mean: 

𝐶1 = 𝜇
𝑎𝑑𝑗

− 0.15𝜇
𝑎𝑑𝑗

                    (9) 

Dispersion-based threshold: 

𝐶2 = 𝜇𝑎𝑑𝑗 − 𝜎                            (10) 

The final cut-off value is defined as: 

𝐶 = 𝑚𝑎𝑥(𝐶1, 𝐶2)                (11) 

This formulation ensures that the cut-off reflects both the 
central tendency and the variability of the dataset. The use of the 
maximum function prevents overly conservative filtering by 
selecting the more permissive threshold. 

The 15% reduction factor applied in the C1 threshold 
computation is established as a domain-specific empirical 
parameter aligned with tender evaluation practices in JKR 
Malaysia. It serves as a practical control mechanism for 
detecting unusually low tender prices that may arise from 
unrealistic cost estimation, omission of critical work 
components, or potential execution risks. Although the factor is 
not mathematically derived, its selection is justified through 
industry-based procurement practices and validated using 
historical tender data from the JKR Malaysia case study. The 
results obtained demonstrate its applicability as a screening 
threshold for improving price rationalization and reducing 
subjective judgment during tender evaluation. 

IV. ALGORITHM IMPLEMENTATION 

The implementation formalizes the sequence of operations 
required to process tender price data, perform statistical 
normalization, identify abnormal bids, and determine a robust 
cut-off value for procurement evaluation. 

The algorithm is designed to be computationally efficient 
and suitable for integration into digital procurement systems 
such as J-Selaras. By structuring the workflow into clearly 
defined steps, the implementation ensures reproducibility, 
consistency, and scalability when applied to large tender 
datasets. 

The detailed pseudocode of the JSFA is presented in 
Algorithm 1. 

A. Pseudocode  

Algorithm 1: J-Selaras Statistical Filtering Algorithm 
(JSFA) 

Input: Tender prices P, Anggaran Jabatan (AJ) 

Begin 

   For each tender price Pi, do 

      Compute deviation 𝐵𝑊𝑖 

   End For 
 

   Compute the mean μ 

   Compute the standard deviation σ 
 

   For each 𝐵𝑊𝑖 do 

      Compute 𝑍𝑖 

      If |𝑍𝑖| > 2.33 then 

         Mark as Freak Tender 

         Remove from dataset 

      End If 
   End For 

 

   Compute adjusted mean μadj 
 

   Compute: 

      C1 = 𝜇𝑎𝑑𝑗 − 0.15𝜇𝑎𝑑𝑗 

      C2 = 𝜇𝑎𝑑𝑗 − σ 

 

   Cutoff = max(C1, C2) 

 
Return Cutoff 

End 

B. Computational Complexity 

The algorithm operates in linear time: 
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• Mean and standard deviation: O(N)  

• Z-score computation: O(N)  

• Filtering: O(N) 

• Overall complexity: O(N) 

This linear complexity ensures that the JSFA algorithm 
remains computationally efficient and scalable, making it 
suitable for large-scale procurement datasets where rapid and 
consistent evaluation is required. 

V. ANALYSIS AND DISCUSSION 

To evaluate the effectiveness of the proposed J-Selaras 
Statistical Filtering Algorithm (JSFA), a simulated tender 
dataset was constructed to represent realistic bidding behavior 
observed in construction procurement environments. The 
dataset models contractor-submitted prices relative to the 
Anggaran Jabatan (AJ), which serves as the government’s 
benchmark cost estimate. This controlled experimental setup 
enables a systematic assessment of the algorithm’s capability to 
detect abnormal bids and establish statistically justified cut-off 
thresholds under realistic procurement conditions. 

A. Distribution of Tender Prices 

The dataset is designed to capture both typical pricing 
behavior and extreme bidding scenarios, including underpricing 
and overpricing strategies commonly observed in competitive 
tendering processes. Such variability reflects real-world 
procurement conditions where contractors adopt diverse pricing 
strategies influenced by risk perception, competition intensity, 
and strategic positioning. 

The distribution of raw tender prices is illustrated in Fig. 2. 
The histogram demonstrates that most bids are concentrated 
within a central range, while several extreme values exist at both 
the lower and upper tails. These outliers correspond to 
significantly underpriced and excessively high bids, 
respectively. This pattern introduces observable skewness in the 
dataset and highlights limitations in conventional evaluation 
approaches that rely on raw price comparison. 

 

Fig. 2. Distribution of raw tender prices before normalization and statistical 

filtering. 

To standardize bid evaluation, each tender price (𝑃𝑖) is first 
transformed into a normalized deviation from AJ using the 
following formulation: 

𝐵𝑊𝑖 =
𝑃𝑖−𝐴𝐽

𝐴𝐽
 𝑥 100                       (3) 

This transformation ensures that all bids are evaluated on a 
relative percentage scale, allowing meaningful comparison 
across different project magnitudes. Subsequently, the statistical 
characteristics of the dataset are defined using the mean (μ) and 
standard deviation (σ) of the BW distribution. Each observation 
is then standardized using the Z-score transformation: 

𝑍𝑖 =
𝐵𝑊𝑖−𝜇

𝜎
                           (6) 

This standardization enables the identification of statistically 
significant deviations from the central bidding behavior, 
forming the core mechanism of anomaly detection in JSFA.  

To further illustrate this transformation, the distribution of 
standardized values is presented in Fig. 3. The Z-score 
distribution provides a clearer representation of how each tender 
deviates from the mean in units of standard deviation. 

 

Fig. 3. Z-score distribution of normalized tender prices. 

As shown in Fig. 3, the majority of tender submissions are 
clustered within the range of −2<Z<2, indicating statistically 
normal bidding behavior. In contrast, extreme observations fall 
beyond the threshold of ∣Z∣>2.33, clearly distinguishing 
abnormal bids from the main distribution. This visual separation 
confirms the effectiveness of Z-score standardization in 
identifying anomalous pricing patterns. 

The complete structure of the simulated dataset is presented 
in Table I. Each record includes the tender identifier, submitted 
price (𝑃𝑖 ), percentage deviation from AJ (BW), computed Z-
score, and final classification status (Normal or Freak). This 
structured representation ensures that both raw and statistical 
features of bidding behavior are captured within a unified 
analytical framework. 

From a methodological perspective, tender price evaluation 
requires careful consideration of data distribution characteristics 
because extreme values at both ends of the pricing spectrum may 
introduce significant distortion into statistical analysis. In 
construction procurement datasets, abnormal bids may occur 



(IJACSA) International Journal of Advanced Computer Science and Applications, 

Vol. 17, No. 7, 2026 

459 | P a g e  

www.ijacsa.thesai.org 

due to strategic underpricing, overestimation, incomplete cost 
calculation, or errors during tender preparation. If raw tender 
prices are directly used for evaluation, these extreme values may 
disproportionately influence statistical parameters such as the 
mean and standard deviation, resulting in unreliable benchmarks. 

TABLE I.  SIMULATED TENDER DATASET STRUCTURE 

Tender Price ((P_i)) BW (%) Z-score Status 

T1 12.00 0.00 -0.66 Normal 

T2 4.50 -62.50 -4.43 Freak 

T3 10.20 -15.00 -1.56 Normal 

T4 11.20 -6.67 -1.06 Normal 

T5 12.20 1.67 -0.56 Normal 

T6 14.30 19.17 0.50 Normal 

T7 16.20 35.00 1.45 Normal 

T8 17.00 41.67 1.85 Normal 

T9 25.20 110.00 5.97 Freak 

Prior to applying the Z-score-based filtering mechanism, 
statistical diagnostics were conducted to examine the 
distribution characteristics of the normalized tender deviations. 
The assessment included distribution analysis using skewness, 
kurtosis, and graphical evaluation through histogram and Q–Q 
plot analysis. The results indicated that although the tender 
deviation values exhibited some degree of asymmetry due to the 
presence of extreme bids, the normalized dataset demonstrated 
a sufficiently stable distribution pattern after abnormal values 
were identified. Therefore, the Z-score method was considered 
appropriate as an initial statistical screening mechanism for 
detecting significant deviations from the expected tender pricing 
behavior. 

However, it should be noted that the proposed JSFA 
framework does not assume perfect normality of tender 
distributions. Instead, Z-score analysis is employed as a 
transparent and interpretable statistical indicator to quantify the 
relative distance of each tender submission from the overall 
pricing pattern. This approach provides practical advantages in 
government procurement environments where explainability 
and reproducibility are essential. 

B. Outlier Pricing and Filtering Mechanism 

The JSFA algorithm was applied to the JKR Malaysia tender 
dataset to evaluate its capability in identifying abnormal tender 
prices and improving dataset reliability. The algorithm 
calculates the standardized deviation of each tender submission 
using the Z-score criterion: 

∣ 𝑍 ∣> 2.33 

where, tender values exceeding this threshold are classified 
as statistically abnormal. Based on this criterion, Tender T2, 
which represents a significantly underpriced submission, and 
Tender T9, which represents an excessively high-priced 
submission, were identified as abnormal (freak tenders). These 
values demonstrated substantial deviation from the dominant 
pricing pattern and were considered potentially unreliable 
representations of actual project costs. 

The removal of abnormal bids improves the statistical 
stability of the dataset by reducing the influence of extreme 
observations on central tendency and dispersion measurements. 
Without filtering, abnormal submissions may inflate the mean 
value and standard deviation, resulting in biased estimation of 
realistic tender conditions. Therefore, the filtering process 
enables subsequent calculations to be performed using tender 
values that better represent competitive market pricing. 

From a procurement perspective, this mechanism provides 
an objective approach for identifying potentially risky 
submissions while maintaining transparency in decision-making. 
Unlike manual evaluation methods that depend heavily on 
individual judgment, JSFA applies consistent statistical criteria 
that can be reproduced across different tender evaluation 
scenarios. 

C. Statistical Validation and Cut-Off Determination 

To quantify the impact of the filtering process, the statistical 
parameters of the dataset were computed before and after the 
removal of abnormal tenders. 

Initially, the mean and standard deviation of the normalized 
deviations (𝐵𝑊𝑖) were calculated as: 

𝜇 = 13.71, 𝜎 = 44.63 

These values indicate a high level of dispersion within the 
dataset, primarily driven by the presence of extreme tender 
values. Such variability reflects instability in pricing behavior 
and highlights the limitations of direct mean-based evaluation 
without prior filtering. 

After excluding the identified abnormal tenders (T2 and T9), 
the adjusted mean was recalculated using the filtered dataset: 

𝜇
𝑎𝑑𝑗

= 10.83 

The reduction in the mean value demonstrates that extreme 
bids significantly inflate the overall distribution, reinforcing the 
necessity of statistical filtering before decision-making. The 
adjusted mean therefore provides a more reliable estimate of 
realistic market pricing. 

Subsequently, two cut-off thresholds were determined. The 
first threshold applies a proportional reduction to the adjusted 
mean: 

𝐶1 = 𝜇
𝑎𝑑𝑗

− 0.15𝜇
𝑎𝑑𝑗

= 9.21 

The second threshold incorporates the dispersion of the 
dataset: 

𝐶2 = 𝜇
𝑎𝑑𝑗

− 𝜎 = −33.80 

The final cut-off value is defined as: 

𝐶 = 𝑚𝑎𝑥(𝐶1, 𝐶2) = 9.21 

The results demonstrate that the JSFA algorithm is capable 
of deriving a stable and statistically grounded cut-off value 
while effectively mitigating the influence of extreme tender 
prices. The incorporation of normalization, Z-score-based 
filtering, and a dual-threshold mechanism ensures that 
evaluation outcomes reflect both central tendency and 
variability without excluding valid competitive bids. 
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The initial results indicated relatively high variability due to 
the presence of extreme tender values. This finding 
demonstrates that direct evaluation without prior filtering may 
produce unstable benchmarks because abnormal submissions 
significantly affect the overall statistical characteristics. 

After removing the identified abnormal tenders (T2 and T9), 
the adjusted mean and standard deviation were recalculated 
using the filtered dataset. The reduction in dispersion confirms 
that extreme bids were the primary contributors to distribution 
instability, while the remaining submissions represented a more 
consistent tender pricing pattern. 

This validation confirms that the proposed approach 
provides an objective, consistent, and reproducible framework 
for tender price evaluation by replacing subjective judgment 
with transparent statistical criteria. In addition, the algorithm 
enhances robustness by ensuring that decisions are based on 
realistic pricing patterns rather than being distorted by outliers. 

These characteristics are particularly significant in the 
context of digital procurement systems. When integrated into 
platforms such as J-Selaras, the JSFA algorithm can support 
automated tender evaluation, improve processing efficiency, 
and enable transparent, data-driven decision-making in large-
scale government projects. 

VI. CONCLUSION 

This study presents the J-Selaras Statistical Filtering 
Algorithm (JSFA) as a structured and data-driven approach for 
improving tender price evaluation in construction procurement. 
The proposed method integrates normalization relative to 
Anggaran Jabatan (AJ), Z-score-based outlier detection, and a 
dual-threshold cut-off mechanism to address limitations 
associated with traditional evaluation practices. 

The validation results, based on a simulated tender dataset, 
demonstrate that the algorithm effectively identifies abnormal 
bids and stabilizes the dataset before decision-making. 
Specifically, the presence of extreme values resulted in a high 
dispersion (σ=44.63) and an inflated mean (μ=13.71), 
highlighting the distortion caused by outliers. After applying the 
filtering process, the adjusted mean was reduced to 𝜇𝑎𝑑𝑗 =

10.83 , providing a more reliable representation of realistic 
market pricing. 

The final cut-off value (C=9.21) illustrates the effectiveness 
of the dual-threshold mechanism in balancing central tendency 
and variability. This ensures that unrealistic bids are excluded 
while preserving competitive and valid tender submissions. The 
results confirm that the JSFA algorithm offers a consistent, 
objective, and reproducible framework for tender price 
evaluation. 

From a practical perspective, the proposed approach 
enhances transparency, reduces reliance on subjective judgment, 
and supports data-driven procurement decision-making. When 
integrated into digital systems such as J-Selaras, the algorithm 
has the potential to significantly improve processing efficiency 
and standardization in large-scale public procurement 
environments. 

The results demonstrate that JSFA maintains stable 
performance under different abnormal bid proportions because 
the filtering mechanism is based on relative statistical deviation 
rather than fixed price boundaries. When the proportion of 
abnormal bids increases, the algorithm continues to isolate 
extreme values before threshold computation, reducing the 
possibility of distorted evaluation results. 

Nevertheless, performance may decrease when abnormal 
bids dominate the dataset or when legitimate market fluctuations 
are incorrectly interpreted as anomalies. Therefore, JSFA is 
most effective when sufficient representative tender samples are 
available. 

Future work will focus on validating the algorithm using 
real-world procurement datasets, exploring robustness under 
non-normal distributions, and integrating machine learning 
techniques for adaptive threshold optimization. 
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