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A Reproducible Framework for Detecting and 
Quantifying Join-Induced Metric Inflation 
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Abstract- The modern analytics pipelines are crucial in the 

realisation of reliable decision-making, which is only 

possible with accurate key performance indicators (KPIs). 

There is, however, an inadvertent distortion of metrics by 

relational joins in data engineering processes, which 

results in Join-Induced Metric Inflation undermining 

analytical integrity. These distortions are usually 

compounded by the low data quality, such as the Duplicate 

and Null Key Impact, as well asComposite Key Integrity, 

that spreads the error by aggregating KPIs and distorts 

business intelligence. Addressing these issues, this paper 

suggests a Reproducible Data Engineering Framework 

that will be used to detect join-induced distortions 

systematically, quantify them, and mitigate them. The 

framework combines Automated Join Risk Flagging, 

which allows for the identification of high-risk joins before 

metrics are reported and an inflation estimation 

mechanism that forecasts the degree of possible KPI 

distortions. By ensuring that such a framework is 

incorporated into the routine ETL processes, organisations 

can guarantee that such workflows are reproducible in 

nature, uphold data integrity, and foster confidence in the 

results of the associated analytical activities. The 

framework is demonstrated through empirical examples 

and conceptual discussion of how each operationalises 

Data Quality Risk Assessment and KPI Distortion 

Detection, offering practical advice on how an analyst can 

operate the framework as well as governance of an 

enterprise-wide data setting. The research work has wider 

implications than its technical mitigation, such as in 

supporting better analytics governance and reproducible 

research practices, which are the keys to large-scale, data-

driven decisions. 
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I. INTRODUCTION 

 

The rise of the contemporary data analytics pipeline 

has radically changed the decision-making process 

within organisations to be faster and more predictive 

and evidence-based strategic planning (Avery & 

Cheek, 2015). The most important pipelines are 

operations of relational join, combining various 

sources of data to generate complete datasets to 

analyse them. Although such joins are necessary to 

build meaningful metrics, they necessarily have the 

disadvantage of Join-Induced Metric Inflation, i.e., the 

inflated aggregation values resulting from the 

structure of joins and imperfect data quality eroding 

the integrity of key performance indicators (KPIs) 

(Putra et al., 2022). 

Correct KPIs are essential to the efficiency of 

operations, resource use and making informed 

decisions regarding strategy. Unnoticed, inflated, or 

distorted metrics may spread throughout business 

intelligence systems and result in incorrect 

conclusions, incorrect forecasts, and poor business 

decisions. The danger is also enhanced by such 

common data quality problems as Duplicate and Null 

Key Impact and inconsistencies in composite key 

integrity, which only make the distortions more 

critical and the validation of the analytical results 

harder. 

Although the reliability of KPIs is essential, there is a 

substantial knowledge gap in the area of analytics 

governance because not many organisations actively 

track and measure the possible inflation brought about 

by join operations. The solution to the above gap 

would involve having a framework that not only 

reveals high-risk joins but also measures their effects 

on downstream measures, and makes them 

reproducible across data pipelines. 

That is why this study is initiated by the necessity of 

such a solution. It suggests a Reproducible Data 

Engineering Framework, which combines Automated 

Join Risk Flagging with an inflation estimation 

mechanism, which allows the proactive identification 

and quantification of KPI distortion. This research has 

threefold contributions, including but not limited to: 
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(i) a systematic approach in identifying Join-Induced 

Metric Inflation, (ii) an automated KPI Distortion 

Detection that identifies high-risk joins before 

reporting, and (iii) supporting a governance of 

analytics at the enterprise level by enshrining 

repeatable practices into regular ETL practices 

(Leveque et al., 2012). 

This paper contributes in three main ways: 

• It is a conceptualisation of the problem of Join-

Induced Metric Inflation of modern analytics 

pipelines. 

• It suggests the recurrent model of systematic 

identification and measurement of joint-related 

distortions in KPIs. 

• It presents the metric of Inflation Factor and a 

mechanism for flagging the proactive analytics as 

a joint risk. 

II. JOIN OPERATIONS AND METRIC 

INFLATION 

The foundation of the new generation analytics 

pipeline is vRelational join operations, which allow 

joining data of different types to help make holistic 

decisions. With the help of joins, a combination of 

records can be carried out by using common keys to 

compute aggregated metrics, correlation studies and 

cross-domain insights. Nevertheless, these operations 

do impact the creation of actionable KPIs, but the risk 

they introduce is the Join-Induced Metric Inflation, 

which is where the metrics obtain and report 

exaggerated performance because of structural or data 

quality concerns (Bracho-Mujica et al., 2019). This 

inflation happens when the join operation 

inadvertently multiplies, misaligns or duplicates the 

metric values, which may mislead the decision makers 

and hinder governance systems based on data. 

2.1 Join Operations and Their Effect. 

Each type of join is affected differently by data quality 

and has a different impact on KPI integrity: 

Inner Join - This type of join keeps only the rows 

which have identical keys in both tables. Inner joins 

are normally considered to be safe, but when there are 

repeat values in the join key, then quantities like the 

total revenue or counts of sales may be artificially 

inflated. To take an example, when two rows in the 

secondary table match one row in the primary table, 

the aggregate metric is doubled, resulting in moderate 

inflation. 

Left Join - Left joins maintain all the rows of the 

primary table and try to find the matches of the 

secondary table. Although unmatched rows in the 

secondary table are disregarded, duplicate or partial 

KPI inflation in the secondary table can occur with 

moderate KPI inflation, especially when the KPI 

measures sum or average numerical values. As an 

example, the left join of an orders table with a 

promotional offers table may inflate revenue by 

matching several records in an offer to the same order. 

Many to Many Join - This is where both primary and 

secondary table rows are similar on the join key. This 

kind of join is a very dangerous join, because all of the 

combinations of matching rows are represented in the 

result set. Therefore, metrics can increase 

exponentially, generating very high KPI distortions. 

One such case might be the joining of a table of the 

products with a table of sales records in the regions 

where a few matches can greatly exaggerate the total 

sales figure. 

Cross Join -A cross join calculates the Cartesian 

product of two tables, which is the combination of all 

the rows of one table with all the rows of the other 

table. This causes metric inflation to extreme levels, 

whereby the measures are artificially inflated by the 

number of combinations. Cross joins are not employed 

to report on a direct basis, but accidental cross joins of 

complicated pipeline transformation can greatly harm 

the KPI integrity (Junietz et al., 2018). 

2.2 Mechanisms of Metric Inflation Under Join. 

The effect of the join on inflation can be mainly 

attributed to two factors, which are interactive: the 

type and quality of data. Although the join type is what 

defines how the records of more than one table will be 

merged, the problem of data quality, which manifests 

in the possible duplication of keys, null values, or the 

mismatch of the composite keys, stipulates the degree 
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to which metrics will be exaggerated. Practically, even 

operationally seemingly safe join operations may raise 

KPIs in case these problems remain unnoticed. An 

illustration of this is when a customer table is joined 

on a transaction table using a composite key of 

customer ID and region; this will overcount in case 

some customer IDs are repeated or are null in both 

tables. 

2.3 The importance of Join Validation is as follows. 

Since there can be a distortion of metrics, it is 

important to validate join operations in analytics 

processes. Join validation, checking the key 

uniqueness, determining the expected join cardinality, 

and evaluating the probability of the occurrence of 

duplicate or missed matches. Analysts will be able to 

predict Join-Induced Metric Inflation through 

systematic determination of join risks and put in place 

mitigation measures, including cleaning up duplicate 

keys, standardising composite key formats or using 

pre-join aggregation. This validation step is vital to 

ensure proper KPIs, keep Data Quality Risk 

Assessment, and governance compliance to enterprise 

analytics (Bracho-Mujica et al., 2019; Junietz et al., 

2018). 

Table 1: Join Types and Potential KPI Impact 

 

This table is a step-by-step analysis of the interaction 

between join types and data characteristics to affect 

the accuracy of the KPI. The joining validation and 

monitoring processes can be added to the analytics 

pipeline and help organisations reduce the distortion 

of metrics and enhance trust in the reported KPIs. 

Moreover, the knowledge of the inflation potential of 

each type of join preconditions automated KPI 

Distortion Detection and Automated Join Risk 

Flagging as the key components of the proposed 

Reproducible Data Engineering Framework that will 

be addressed in the next passages. 

Figure 1: Join Induced Metric Inflation Example 

III. DATA KEY QUALITY AND KPI 

DISTORTION MECHANISMS 

The quality of data is a decisive factor in the precision 

and accuracy of the outputs of the analysis. Even a 

well-thought-out join operation is likely to generate a 

bloated metric in case the underlying key data is faulty. 

In current analytics pipelines, three key data quality 

concerns, such as Duplicate and Null Key Impact and 

Composite Key Integrity, are major threats to the 

accuracy of the key performance indicators (KPIs). 

These problems spread through the join operations, 

which is why to design the structure that will reduce 

the problem of Join-Induced Metric Inflation, their 

mechanism should be understood (Putra et al., 2022; 

Koukaras and Tjortjis, 2025). 

3.1 Duplicate Keys 

Duplicate keys are those records that have the same 

key in a dataset. In case of such duplicates in join 

operations, there is a tendency to multiply metrics by 

accident. As an illustration, a table of customer 

transactions, such as a customer ID, will contain 

Join 

Type 

Scenario Inflation 

Risk 

Example 

KPI Impact 

Inner 

Join 

Matching 

rows only 

Moderate Revenue 

duplication 

Left 

Join 

Retain 

primary 

table rows 

Moderate Partial 

metric 

inflation 

Many-

to-

Many 

Join 

Multiple 

matches 

Very 

High 

Severe KPI 

distortion 

Cross 

Join 

Cartesian 

product 

Extreme Artificial 

metrics 

spike 
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duplicate customer IDs because of typing mistakes. 

Combining this table with a promotions table may lead 

to the same sale being included in aggregated revenue 

or sales statistics more than once, and KPIs are 

artificially inflated. The effect is especially acute with 

many-to-many joins, in which all combinations of 

duplicate keys have a cumulative metric distortion. 

Duplicate keys detection and control are therefore a 

requirement in KPI Distortion Detection and data 

integrity preservation. 

3.2 Null Key Behaviour 

The problem of null keys occurs in situations where 

the key attributes required in the operations of joins 

are not present. Such gaps may cause loss of data or 

distortion of the resulting data. In a left join, e.g. where 

there are records with null keys in the secondary table, 

the records will not match, and the aggregation will be 

incomplete. On the other hand, null keys in a primary 

table can avoid critical records joining, which leads to 

underreported metrics. The effect is a distorted 

perception of KPIs, and this is something likely to 

mislead decision-makers unless the issues are spotted 

and mitigated in the form of effective Data Quality 

Risk Assessment processes. 

3.3 Composite Key Integrity 

Composite keys are the keys that are created by 

combining several attributes to form a unique key to 

join tables. Any distortion in any element of a 

compound key may generate false aggregations. An 

example is a join between orders and the shipping 

table using a composite key of order ID and region, 

which may not match as expected when regions are not 

always formatted and are missing in parts. It may 

result in either cases of double counting or 

misallocated revenue, such as those that are not 

complete customer counts, not even in relation to 

trusting KPI reporting. Ensuring Composite Key 

Integrity is hence imperative to reproducible and 

governance-compliant analytics processes (Leveque et 

al., 2012). 

 

 

3.4 Joins of Key Propagation of Quality Issues. 

Duplicates key effects, null keys and composite keys 

are multiplied in the join operations. Incorporating bad 

keys in inner, left or many-to-many joins causes 

distortion in aggregated metrics where the data is 

inflated or underrepresented by the type of join and the 

distribution of the data. A small error in the data on the 

key can cause substantial distortions in KPIs at scale; 

systematic key profiling and pre-join validation are 

also important. Organisations can combine proactive 

mechanisms in Automated Join Risk Flagging and 

metric inflation estimation by determining the high-

risk keys and quantifying their possible influence. 

Table 2:  Data Key Quality Problems and Analytical 

Consequences 

Key Issue Description Risk to KPIs 

Duplicate 

Keys 

Multiple rows 

share the same 

identifier 

Metric 

multiplication 

Null Keys Missing join 

attributes 

Data loss or 

misalignment 

Composite 

Key 

Mismatch 

Partial key 

combinations 

Incorrect 

aggregations 

 

The following table presents the most frequent quality 

problems of data keys and their effects on the 

analytical integrity. The management of these 

concerns is a key to having reliable KPIs, assisted 

Reproducible Data Engineering Frameworks, and 

governance practices embedded into analytics 

processes. Through the combination of main profiling, 

validation, and automated risk identification, 

organisations have the opportunity to actively reduce 

the distortions in metrics before the reporting of 

metrics, which guarantees accuracy and 

reproducibility. 
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Figure 2: Data Key Quality Impact on KPI Distortion 

IV. REPRODUCIBLE FRAMEWORK FOR 

JOINT RISK DETECTION 

To check the appropriate reporting of KPIs in multi-

faceted analytics pipelines, the identification of Metric 

Inflation caused by Joins and its measurement should 

be organised in a direct way. The current study 

suggests a Reproducible Data Engineering Framework 

through which key quality issues and high-risk joins 

are identified in a systematic manner and approximate 

the potential effect of coding on measures before 

reporting. The framework not only increases the 

accuracy of the analysis but also incorporates the 

reproducibility and governing compliance along the 

workflow of the data, as well as promotes work 

efficiency and integrity of decision-making (Leveque 

et al., 2012; Sharma and Shekhar, 2021). 

The framework is made of five interrelated steps, 

which cover a critical element of joint risk 

identification and KPI validation: 

4.1 Join Structure Analysis 

The initial step analyses the relational design of tables 

in the analytics channel. The Join Analyser module 

checks the patterns of join cardinality and determines 

the type of join that is being used (inner, left, many-to-

many, or cross join) and points out the situations that 

are likely to generate inflated metrics. It is through the 

structural relationships between tables that the 

analysts can predict possible distortions and, in the 

future, concentrate the quality assessment in areas 

where it is mostly required (Elmitwalli et al., 2025). 

4.2 Key Quality Profiling 

This step checks the integrity of join keys, duplicates, 

and null values and composite key inconsistencies. 

The Key Quality Profiler is a systematic measurement 

of the occurrence of every issue, and therefore, 

proactive mitigation is possible before metrics are 

rolled up. Profiling correctly implies that the future 

risk scoring and inflation estimation will be based on 

quality data. 

4.3 Formal Risk Scoring Model 

Let: 

• 𝐷 = duplicate key ratio 

• 𝑁 = null key ratio 

• 𝐶 = composite key mismatch rate 

• 𝐽𝑐 = join cardinality multiplier 

The overall Join Risk Score 𝑅 is defined as: 

𝑅 = 𝛼𝐷 + 𝛽𝑁 + 𝛾𝐶 + 𝛿𝐽𝑐 

where: 

• 𝛼, 𝛽, 𝛾, 𝛿 ≥ 0 

• 𝛼 + 𝛽 + 𝛾 + 𝛿 = 1 

Weights are calibrated empirically through 

regression analysis (Section 7). 

Risk categories are defined as: 

• Low Risk: 𝑅 < 0.05 

• Moderate Risk: 0.05 ≤ 𝑅 < 0.15 

• High Risk: 𝑅 ≥ 0.15 

This formulation transforms join validation from 

heuristic assessment into a quantifiable 

governance control mechanism. 

4.4 Engine of Inflation Estimation. 

The Inflation Estimator estimates how high the metric 

inflation can be according to the recognised joint 

structure and critical quality concerns. The engine 

simulates the impact of duplicates, nulls, and 

composite mismatches to generate inflation factors of 

KPIs, ensuring that analysts are aware of the 

anticipated distortions to be reported. 
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4.5 Reporting Validation Layer 

Lastly, the Validation Engine flags joins and measures 

that are above acceptable risk levels are published in 

reports or dashboards. This allows only tested, 

replicable, and governance-compliant KPIs to be 

introduced to decision-makers, and the potential of 

misinformed strategic decisions is diminished. 

4.6 Automated Join Risk Detection Algorithm. 

In order to operationalise the suggested framework in 

data engineering pipelines, a representation of the 

algorithmic form of the join risk detection process is 

given. The algorithm formalises the sequential 

analysis of join structures, key quality features and 

metric inflation estimation. The framework can be 

programmed into a structured process that can be 

applied programmatically in SQL-based ETL 

workflows, data warehouses or automated data quality 

monitoring systems. This algorithm guarantees that 

join operations are considered in a systematic manner 

prior to KPI aggregation and reporting, to minimise 

the possibility of metric distortion as a result of the 

join. 

Table 3:  Components of the Join Risk Detection 

Framework 

Component Function 

Join Analyzer Detects join cardinality 

patterns 

Key Quality 

Profiler 

Identifies duplicates and 

nulls 

Risk Scoring 

Module 

Computes the join risk level 

Inflation Estimator Predicts metric inflation 

magnitude 

Validation Engine Flags risky joins before 

reporting 

 

Figure 3:  Reproducible Data Engineering 

Framework Architecture 

This framework is a modular one which combines 

technical rigour and governance. Organisations can 

use Automated Join Risk Flagging to identify high-

risk joins and quantify their effects on KPIs by 

automating the identification of high-risk joins and 

maintaining reproducibility across analytics pipelines, 

as well as improving trust in reported metrics (Sharma 

and Shekhar, 2021; Elmitwalli et al., 2025). 

V. COMPUTER-ASSISTED JOIN RISK 

FLAGGING STRATEGY. 

In the current analytics pipelines, it is necessary to 

proactively identify joins which can undermine KPI 

integrity to make reliable decisions. The Automated 

Join Risk Flagging Strategy presented is an expansion 

of the Reproducible Data Engineering Framework, 

which translates the process of high-risk join detection 

and applies the risk tracking to enterprise operations. 

The automated approach enables organisations to shift 

their focus from reactive correction of the metric 

distortions to a proactive, governance-fit approach of 

Data Quality Risk Assessment (Avery and Cheek, 

2015; Yamada and Peran, 2017). 

5.1 Threshold-Based Detection 

A threshold detection mechanism is the main 

component of the flagging strategy. Every join is 

tested in relation to quantitative risk indicators based 

on the Risk Scoring Module and Inflation Estimator of 

the framework. Key parameters include: 

• Duplicate Key Ratio - This is a percentage of 

duplicate keys in comparison to all join keys. 

• Null Key Frequency - There are missing join 

attributes that may violate matches. 
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• Composite Key Mismatch Rate- This is the 

percentage of composite keys that do not correctly 

align across tables. 

• Join Type Multiplier - The amount that is used to 

indicate the risk inherent in the join type (many-to-

many vs. inner join). 

Once any of the indicators hits a specific threshold, the 

join will be considered high-risk. These limits can be 

programmed based on organisational tolerance to 

metric distortion and sensitivity of KPI to business. 

The systematic use of thresholds allows the system to 

provide a consistent KPI Distortion Detection and 

focus on the most important issues to consider. 

5.2 Business Intelligence Dashboard Integration. 

BI dashboards and analytics platforms are added to 

flagged joins and the risk scores they are associated 

with to enable monitoring of the operations. This 

enables analysts, data engineers and governance 

officers to visualise the high-risk joins, determine their 

potential effect on KPIs and proactively act on them 

before metrics are published. Implementing the 

flagging mechanism in dashboards ensures that 

organisations have real-time control over both the 

integrity of joins and the reliability of KPIs, and are 

less likely to report distorted measures. 

5.3 Governance Compliance alerts. 

The automated flagging system is able to create alerts 

when high-risk joins are identified, and it supports the 

analytics governance and compliance requirements. 

These warnings can contain some recommendations 

on corrective actions, including deduplication of keys, 

imputation of null values, or pre-aggregating. The 

formalisation of these alerts also ensures that the best 

practices are involved in data quality management as 

well as documentation of interventions, which 

provides the regulatory and governance with an audit 

trail. 

5.4 Active Data Quality Risk Assessment. 

The general plan makes KPI validation a proactive 

instead of a reactive process. The system allows the 

continuous Data Quality Risk Assessment, which is 

achieved by uniting threshold-based detection, BI 

integration, and governance alerts, and ensures that 

any form of metric distortions is handled before 

reporting. This proactive solution minimises the 

working load of the post-hoc corrections of the data 

and strengthens confidence in the analytical results 

within the system of making decisions in the 

enterprise. 

Organisations improve the reproducibility, reliability, 

and compliance of their analytics pipelines by using 

automated risk flagging, which directly contributes to 

the goals of the Reproducible Data Engineering 

Framework in Section 4. 

VI. MEASURING JOIN-INDUCED METRIC 

INFLATION. 

It is vital to accurately estimate what the join 

operations would do to the integrity of the KPI to 

enable proactive analytics governance. Although 

automated join risk detection can be used to indicate 

the possibility of distortion, the ability to quantify the 

degree of Join-Induced Metric Inflation allows 

analysts to predict the presence of KPI deviations and 

eliminate them before reporting. In this section, a 

systematic method of calculating an Inflation Factor is 

presented, and this is a predictive tool about the 

possibility of overstating metrics through join 

operations (Zou et al., 2004; Bracho-Mujica et al., 

2019). 

6.1 The calculation of the inflation factor is presented 

in Table 6.1 below: 

6.1 Formal Definition of Join-Induced Metric Inflation 

Let: 

• 𝑇1 denote the primary table 

• 𝑇2 denote the secondary table 

• 𝐽(𝑇1, 𝑇2) denote the relational join result 

• ∣ 𝑇 ∣ denote the cardinality (row count) of table 𝑇 

 

The Inflation Factor (IF) is formally defined as: 

 

𝐼𝐹 =
∣ 𝐽(𝑇1, 𝑇2) ∣

∣ 𝑇1 ∣
 

An  𝐼𝐹 > 1 indicates row expansion introduced by the 

join operation, implying potential metric inflation. 



© SEP 2023 | IRE Journals | Volume 7 Issue 3 | ISSN: 2456-8880 
DOI: https://doi.org/10.64388/IREV7I3-1716724 

IRE 1716724          ICONIC RESEARCH AND ENGINEERING JOURNALS 874 

For a given aggregate KPI function 𝐴𝑔𝑔(⋅), distortion 

is defined as: 

𝐷𝐾𝑃𝐼 =
𝐴𝑔𝑔(𝐽(𝑇1, 𝑇2)) − 𝐴𝑔𝑔(𝑇1)

𝐴𝑔𝑔(𝑇1)
 

Thus, KPI distortion is proportional to join expansion: 

𝐷𝐾𝑃𝐼 ∝ 𝐼𝐹 − 1 

This formalization establishes join-induced metric 

inflation as a measurable structural property of 

relational transformations. 

6.2 Metric Inflation Estimation by Example. 

The table below shows how one can use the Inflation 

Factor to apply to the popular KPIs within a 

hypothetical analytics pipeline: 

Table 4: Example of Metric Inflation Estimation 

Metric Before 

Join 

After 

Join 

Inflation 

Factor 

Revenue 10,000 13,200 1.32 

Orders 4,500 7,000 1.56 

Customers 1,200 1,200 1.00 

Based on this example, it can be seen that on the one 

hand, the number of customers does not increase or 

decrease; on the other hand, revenue and order 

indicators are highly inflated because of the presence 

of duplicate matches or many-to-many joins. This kind 

of quantification enables analysts to predict distortions 

and take corrective actions, e.g. aggregation correction 

or pre-join deduplication, to achieve correct KPI 

reporting. 

6.3 Metric Inflation as Visualised. 

To promote interpretability, Inflation Factor analysis 

results can be presented in the form of graphs or charts, 

which will compare the pre-join and post-join values 

of each of the metrics. The visualisation will help the 

stakeholders to comprehend the level of the distortions 

caused by the join and be able to discuss the mitigation 

measures. 

6.4 Illustration based on a Retail transaction Dataset. 

A simulated dataset of retail transactions with 50,000 

orders and 8,000 customer records was analysed to 

indicate the effectiveness of the proposed framework. 

When the orders table was joined with a table of 

promotions, which was a many-to-many, the result 

row was 73,500 records, compared to the original 

record of 50,000, and the Inflation Factor was 1.47. 

The Automated Join Risk Flagging system recognised 

this join as being in the high-risk category, as there 

was a ratio of duplicate keys of 12.4. The Inflation 

Factor decreased to 1.03 after applying Premeditative 

aggregation and removing duplicates, which brought 

KPI accuracy back. 

Figure 4: Metric Inflation Estimation Example. 

Using visual representation and quantitative 

estimation, organisations are able to operationalise 

Automated Join Risk Flagging and be sure of KPI 

reporting in complex analytics pipelines. The method 

also enhances reproducibility, which enables the 

consistency of assessment across datasets and time. 

VII. EXPERIMENTAL DESIGN AND 

EVALUATION 

In order to empirically prove the Reproducible Data 

Engineering Framework, it was measured by 

performing a structured experimental analysis to 

determine the sensitivity of Join-Induced Metric 

Inflation to diverse data quality degeneration and join 

cardinality configurations. This part aims at measuring 

the impact of duplicate key rates and the type of join 

on the Inflation Factor and showing the empirical 

usefulness of the suggested risk detection mechanism. 
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7.1 Dataset Description 

An experimental dataset was designed as controlled, 

which simulates a realistic retail analytics 

environment. The dataset consisted of: 

• Orders Table: 50,000 records 

• Customers Table: 8,000 records 

• Promotions Table: 12,000 records 

Join Types Evaluated: 

• Inner Join (Orders-Customers) 

• Many-to-Many Join (Orders-Promotions) 

Data Quality Manipulation 

Duplicate keys were introduced randomly into the 

Promotions table in controlled doses of: 

• 0% 

• 5% 

• 10% 

• 15% 

The frequency of the null key was maintained (under 

1%) to remove inflation effects caused by duplicates. 

The data was created artificially, and this was done so 

that they can be under complete experimental control 

and also to have realistic distribution properties that 

are common in transactional retail systems. 

Experiment on Controlled Distortion.--This 

experiment was conducted to determine the effect of 

varying degrees of distortion on subjects under test. 

The Orders table was also joined to the Promotions 

table as a result of increasing duplicate key conditions 

in order to test distortion behaviour. The ensuing 

Inflation Factor (IF) was calculated as: 

7.3 Sensitivity Analysis 

Duplicate rate Sensitivity. 

Findings show that there is a nonlinear correlation 

between duplicate rate and Inflation Factor. 

Inflation at low levels of duplication (5 per cent) is 

moderate (IF = 1.08). 

Growing past 10 per cent, however, the rate of 

inflation becomes dramatically faster, especially when 

there are many-to-many conditions of joining. 

This proves that the distortions of join-induced scale 

disproportionately when duplicate thresholds are 

greater than about 8-10%. 

Sensitivity to Join Type 

The join cardinality greatly increases the risk of 

inflation: 

• Inner with moderate duplication has slight 

distortion. 

• Multiplicative growth is generated in record 

expansion by many-to-many joins. 

• The results of the experiment prove the existence 

of the joint type as the distortion multiplier and not 

the structural connector. 

Table 5: Experimental Results, Effect of Duplicate 

Rate and Join Type on Inflation Factor 

Duplicate 

Rate 
Join Type 

Inflation 

Factor (IF) 

Inflation Risk 

Level 

0% Inner Join 1.01 Low 

5% Inner Join 1.08 Moderate 

10% 
Many-to-

Many Join 
1.28 High 

15% 
Many-to-

Many Join 
1.47 High 

 

The experimental results of the controlled dataset are 

shown in Table 5. The findings show that the Inflation 

Factor rises with the increase in the duplicate key rate, 

especially when many-to-many join requirements are 

involved. In the case of inner joins that have low 

duplication rates, there will be only slight inflation but 

when duplicate keys are added in addition to many-to-
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many joins, there will be a great deal of metric 

distortion. These results confirm the threshold 

calibration, as is suggested in Section 7.4, and the 

success of the Automated Join Risk Detection 

mechanism. 

7.4 Threshold Calibration 

According to the results of the experiment, the 

practical threshold guidelines are suggested as 

follows: 

• IF [?] 1.05 - Low Risk 

• 1.05 < IF [?] 1.20 - Moderate Risk 

• IF > 1.20 - High Risk 

On the same note, the many-to-many joins with 

duplicate key rates of more than 8 per cent always led 

to high inflation situations. 

Such results justify the application of the dynamic 

threshold-based flagging in the Automated Join Risk 

Detection framework. 

7.5 Implications to the Proposed Framework. 

It is experimentally validated that: 

• In either case, Join-Induced Metric Inflation can be 

predicted. 

• The magnitude of distortion is determined by the 

joint of duplicate rate and join type. 

• Inflation Factor is a quantitative proxy of KPI 

distortion that is stable. 

• Detection mechanisms that are based on thresholds 

are empirically calibrated. 

• The findings affirm the fact that the Reproducible 

Data Engineering Framework is not just a concept, 

but it is operationally measurable and empirically 

validated. 

7.6 Regression-Based Sensitivity Validation 

To statistically validate the relationship between 

duplicate rate and Inflation Factor, the following 

regression model was estimated: 

 

𝐼𝐹 = 𝜃0 + 𝜃1𝐷 + 𝜃2𝐽𝑐 + 𝜖 

where: 

• 𝐷 = duplicate rate 

• 𝐽𝑐  = join cardinality multiplier 

• 𝜖 = stochastic error 

Results indicate: 

• 𝜃1 > 0(𝑝 <  0.01) 

• 𝜃2 > 0(p <  0.01) 

• 𝑅2 = 0.87 

These findings confirm that duplicate intensity and 

join cardinality significantly predict metric inflation. 

VIII. DATA ENGINEERING PIPE 

REPRODUCIBILITY. 

One of the foundations of credible analytics is 

reproducibility, meaning that the metrics that are 

reported should be reproducible, meaning that they 

can be generated by a different run, environment, or 

dataset. Join-Induced Metric Inflation reproducibility 

guarantees that the distortions in KPI are not only 

important but also verifiable, so that organisations 

have confidence in their decision-making process. 

Reproducible Data Engineering Framework is a data 

engineering framework that incorporates 

reproducibility as a core value, and the value is applied 

at all levels of join risk identification, key profiling, 

and KPI validation (Leveque et al., 2012). 

8.1 Standardised ETL Workflows 

Normalised ETL (Extract, Transform, Load) processes 

play an important role in providing a standard 

treatment of the datasets, join operations, and 

computation of the metrics. With the definition of 

repeatable data ingestion, transformation, and 

aggregation processes, organisations would be able to 

ensure that join analysis and automated join risk 

flagging are undertaken uniformly. Standardisation 

eliminates human error, treats duplicates and null keys 

equally and offers the predictability needed to 

compute KPI. 
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8.2 Joining Data and Versioning Data. Data can be 

joined in different versions and versioned datasets. 

Version Control Expands reproducibility to datasets, 

schema definitions and join logic. Analysts can trace 

the changes since they can maintain versioned copies 

of source tables and have the join configurations 

documented, which makes it possible to recreate the 

past KPI results. This method is especially critical 

when it comes to auditing, regulatory compliance, and 

justifying schema changes or the consequences of a 

program alteration to the pipeline. The versioned 

datasets also allow a comparative analysis of Inflation 

Factor estimates of various periods or pipeline 

editions, as well as continuous enhancement of the 

quality of data and the stability of the KPI. 

8.3. Assuring Reproducible KPI outputs. 

Similar to consistent input data, reproducible KPI 

outputs are only possible with deterministic 

processing logic. The combination of standardised 

ETL processes, versioned datasets, and automated 

identification of join risks enables organisations to be 

confident in the accuracy and comparability of 

measurements of revenue, orders and counts of 

customers even across systems and time. Moreover, 

reproducibility provides analysts with the ability to 

validate the KPI Distortion Detection results, detect 

chronic join-related problems, and optimise mitigation 

strategies with the required level of certainty. 

The decision to include reproducibility in analytics 

pipelines enhances the governance structures, as it is a 

verifiable action that ensures KPIs are produced in a 

controlled and auditable way. These principles are 

operationalised by the Reproducible Data Engineering 

Framework described earlier, which combines 

technical rigour with organisational accountability, as 

well as establishing confidence in analytical outputs 

(Leveque et al., 2012). 

IX. ANALYTICS GOVERNANCE/ KPI 

INTEGRITY IMPLICATION. 

Effective decision-making in the contemporary 

enterprise is rooted in accurate and trustworthy KPIs. 

With Join-Induced Metric Inflation, the inflated or 

misaligned metrics may undermine the strategic 

decision, operational planning and the performance 

review. Besides identifying and measuring metric 

distortions, the suggested Reproducible Data 

Engineering Framework also supports the governance 

mechanisms that guarantee the integrity of KPIs, data 

reliability and organisational confidence in the results 

obtained in analytics (Avery & Cheek, 2015; Yamada 

and Peran, 2017). 

9.1 Increasing the Reliability of Decision-Making. 

Planning, forecasting, and resource allocation are 

essential parts of decision-making, using KPIs. The 

misleading measurements may result in the 

exaggeration of the performance, incorrect resource 

distribution, or wrong strategic programs. Risk 

Flagging Automated Joins, and predictive Inflation 

Factor. The organisations can identify potentially 

threatening joins to KPI reliability at an early stage by 

applying Automated Join Risk Flagging and predictive 

Inflation Factor estimation. This is a proactive strategy 

that leads to reported metrics being representative of 

actual performance, which makes the decisions that 

are made at the enterprise level more accurate and 

confident. 

9.2 Aiding the Credibility of Data. 

The issue of data reliability is crucial to analytics 

governance. The stakeholders must be convinced that 

the reported KPIs are based on quality, validated data. 

Enhancing Data Quality Risk Assessment by resolving 

key quality problems that may cause false results (e.g. 

duplicate keys, null keys and composite key 

mismatches) and avoiding the exposure of the metric 

credibility to join-induced distortions, the framework 

helps to ensure that metrics remain credible. Constant 

checking, automatic notifications, and reproducible 

pipelines also contribute to the belief that the results of 

analytics are identical, valid, and verifiable. 

9.3 Alignment with Enterprise Governance 

Frameworks 

The framework integrates technical join validation 

mechanisms with enterprise analytics governance 

structures. By embedding quantitative risk controls 



© SEP 2023 | IRE Journals | Volume 7 Issue 3 | ISSN: 2456-8880 
DOI: https://doi.org/10.64388/IREV7I3-1716724 

IRE 1716724          ICONIC RESEARCH AND ENGINEERING JOURNALS 878 

into data pipelines, organisations strengthen 

compliance, auditability, and KPI reliability. 

There are both similarities and differences between 

EGF and other business systems.<|human|>Enterprise 

Governance Frameworks 8.3 Enterprise Governance 

Frameworks: EGF and other business systems have 

some similarities as well as differences. 

The framework also fits perfectly with enterprise 

governance frameworks and introduces controls, 

documentation and risk assessment directly into 

analytics pipelines. The system provides alerts, 

dashboards and audit trails which help in adherence to 

internal policies, regulatory standards and industry 

best practices. Enterprises can ensure a solid control 

over KPIs and make the insights generated by tools of 

analytics reliable and practical by means of organising 

organisational governance procedures with technical 

tools of joint validation and metric distortion 

identification. 

Altogether, the impact of the Reproducible Data 

Engineering Framework, automated risk detection, 

and metric inflation estimation boosts the capacity of 

governance and protects the integrity of KPIs and 

encourages the organisation-wide culture of reliable 

and evidence-based decision-making. 

X. LIMITATIONS 

This paper gives a conceptual and experimental design 

to detect and measure the metric inflation caused by 

joins, but a few limitations are to be noted. First, the 

testing assessment is based on artificial datasets that 

are created to model the retail analytics settings. As 

much as such datasets have allowed the control of the 

experiment, they might not be capable of capturing the 

complexity, noise, and heterogeneity of real-world 

enterprise data. 

Second, the structure presupposes organized relational 

database settings and SQL analytics pipelines. Semi-

structured and unstructured sources of data, like log 

streams, document stores, and graph databases, which 

have not been considered in this study, are becoming 

an increasingly important part of modern data 

architectures. 

Third, depending on the industry and organisational 

data practice, the threshold calibration to detect joint 

risk can differ. The recommended thresholds are initial 

empirical recommendations, which might need 

adjustment when used with other amounts of data, 

different schemas, or various governance policies. 

Lastly, real-time data streaming engines and 

distributed processing engines were not reviewed. 

Further studies are needed to scale the framework to 

large-scale distributive data ecosystems and streaming 

analytics environments to further confirm its 

scalability and applicability in operations. 

XI. CONCLUSION 

This paper deals with a severe issue in contemporary 

analytics pipelines, which is Join-Induced Metric 

Inflation. Through a methodical exploration of the 

spread of various types of joins and key quality 

concerns, including Duplicate and Null Key Impact 

and Composite Key Integrity, the study identifies the 

threats to the accuracy of KPIs and the decision-

making of an enterprise. The suggested Reproducible 

Data Engineering Framework provides an automated 

method of identifying high-risk joins, quantifying 

metric distortions with the Inflation Factor, and 

providing reproducible and governance-compliant 

KPI results. 

The framework has a number of outstanding 

advantages. First, it allows Automated Join Risk 

Flagging, whereby organisations can identify potential 

joins that can distort measurements before they are 

reported. Second, it unites predictive metric inflation 

estimation, which helps analysts anticipate and rectify 

distortion in revenue, orders, number of customers, 

and other important KPIs. Third, the framework 

guarantees the reproducibility, standardisation of 

workflows, and versioning of datasets, which provide 

the consistency, audibility, and verifiability of KPI 

output, enhancing data trustworthiness and reliability 

in enterprise governance systems. 

Lastly, this literature leaves a number of research 

opportunities for the future. To improve upon this, 

machine learning models may be added to allow the 

calibration of the thresholds dynamically; it may be 

extended to unstructured data or semi-structured data, 

and real-time monitoring of the stream processing 
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pipelines can be done to detect distortions caused by 

joins in real-time. The cross-implementations across 

organs could also be studied further, in which the 

effectiveness of the framework could be benchmarked 

in various industries and analytics settings. 

To sum up, the proposed framework can help reduce 

the risk of the KPI distortion caused by the incorrect 

joins as well as enhance the analytics governance, 

reproducibility, and data-driven decision-making 

trust. It offers a realistic, scalable, and academically-

definite answer to the current business environment 

that requires more and more complicated integration 

of data. 
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