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Abstract 

Development of an Adjustment Factor for Improving Software Effort Estimation 

Utilizing the Use Case Point Method 

 

This Praxis describes a method for improving the accuracy of Use Case Point 

(UCP) effort estimation for software development projects.  The thesis for the research is 

that an emergent factor exists in software development projects that is not considered in 

the UCP process.  This emergent factor is the primary cause of error in the labor hour 

estimation.  While the detailed nature of the emergent factor is unknown, a method for 

determining the quantitative value of the factor and using it to generate a more accurate 

labor estimate can be developed. 

 The method involves the application of an adjustment factor model (AFM) to 

UCP estimates.  The AFM was developed by conducting multiple regression analyses on 

a sample of 44 software development projects provided by three different development 

organizations.  The regression model was then optimized further through the use of a 

Generalized Reduced Gradient non-linear optimization algorithm, yielding an Optimized 

AFM. 

Both the AFM and Optimized AFM were tested for validity against a set of 27 

independent software projects.  The test results show that the proposed application of an 

adjustment factor to use case based estimates reduced the mean magnitude of relative 

error by 50% and the weighted mean quartile by as much as 62% for the projects in the 

evaluation dataset.  Moreover, 26 of the 27 projects improved to within 25% of their 

estimate with the AFM applied and all 27 when the Optimized AFM was applied.  The 
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tests also indicate that the application of the adjustment factors improved estimation error 

in 82% of the projects contained in the evaluation dataset. 
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Chapter 1 - Introduction 

1.1 Overview 

 

Effort estimation in software development is a crucial process in software 

engineering that seeks to determine the amount of work it will take to develop all or a 

portion of a software solution based on given set of requirements.  While many well-

known and well-understood methods and practices exist for software estimation, 30% to 

40% of all software projects result in cost overruns due to poor estimation [1].  Despite 

substantial research in the field of estimation modeling and behavior, the “accuracy of 

estimates has not improved” [2]. 

Effort estimation techniques are categorized into three approaches; expert 

judgment (non-algorithmic), formal model estimation (algorithmic) or a combination of 

the two [3].  Expert judgment relies on the availability and use of experts, with relevant 

experience to build an estimate based on historical outcomes of similar software 

engineering initiatives.  Formal model estimation seeks to limit the effect of judgment 

factors by applying mathematical modeling techniques to construct an estimate based on 

contextually relevant data such as the anticipated architecture, size, and complexity of the 

system to be developed.      

There has been a trend in the software engineering industry in recent years to rely 

more heavily on expert judgment techniques. Moløkken and Jørgensen found in their 

research titled "A Review of Surveys on Software Effort Estimation," [1] that 62%-85% 

of all software projects utilize expert judgment estimation techniques.   While it is 

believed that the heavy reliance on expert judgment is due to a lack of trust in formal 
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model methods, research has shown that projects that utilized expert judgment had 

estimation error rates similar to those that use formal model techniques.[1]  Improving 

expert judgment accuracy has proven to be difficult due to the variability in human biases 

and skills that inherently exists. 

Estimation researchers have devoted much of their time and attention to 

developing and improving formal models that limit the influence that human error has in 

the estimation process.  From this research, two types of formal modeling techniques 

have emerged; parameter driven regression analysis and count based analysis.  

Parameter-based models utilize historical data to forecast estimates given a set of 

parameter value inputs.  Count based models measure the quantity and type of elements 

to be developed.  Both approaches then apply a developer productivity factor to estimate 

the amount of effort it will take to develop the software solution.   Not all models are 

appropriate for all projects, and research has found that model accuracy is heavily 

dependent on the type of software to be developed as well as the completeness of the 

requirements provided.[13] 

The movement to object-oriented development and use case modeling over the 

past decade has driven substantial interest in the Use Case Points (UCP) method for 

software effort estimation.[15]  UCP forecasts the size of the software by counting the 

number and types of interfaces, referred to as actors, and the number of use-cases defined 

in the requirements while factoring in the environmental and technical complexity that 

must be accommodated in the solution.  UCP is examined in greater detail in the 

Literature Review section of this praxis.     
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Given the growing popularity of UCP in many software development 

organizations, identifying methods to increase the accuracy of this method is essential to 

its continued adoption.  This is the problem that the research in this Praxis explores and 

seeks to solve.  

1.2 Research Questions and Hypothesis 

 
The goal of this research is to develop a method of measuring the impact of the 

emergent factor and development an adjustment factor that will eliminate its impact on 

estimation accuracy in UCP.   This includes assessing the best way to measure the 

accuracy of UCP, understanding the impact that size, environmental and technical 

complexity has on project outcomes and exploring ways of improving accuracy within 

the application domain.   With regards to the later, the author establishes an adjustment 

factor that takes into account the emergent complexity of software projects based on their 

size, technical complexity, and environmental conditions.  Four research questions were 

developed for this purpose. 

RQ1: What are the various methods for measuring estimation error in the 

practice of software estimation? 

RQ2: What are the primary and emergent factors causing the error and can they 

be isolated?     

RQ3: Is it possible to develop a model that adjusts for the factors causing the 

error condition?   

The following research objectives have been established to answer the research 

questions. 
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1. Identify a set of software development projects that represent a cross-

section of "typical" projects that were estimated utilizing the Use Case Point method and 

have been measured upon completion to determine actual effort. 

2. Identify the factors in UCP that have the highest contribution to estimation 

error in UCP. 

3. Develop a regression model of the contributing factors that can be utilized 

to establish an Adjustment Factor to minimize estimation error. 

4. Evaluate the AFM against a different sample of software development 

projects to determine its impact. 

Hypothesis 1:  There exists an emergent factor that occurs in software engineering 

projects that impacts effort, but is not accounted for in the UCP methodology. 

Hypothesis 2: The  emergent factor in UCP labor estimation is the primary source 

of UCP estimation error and if it is eliminated, can reduce estimation error by as much 

50%.  

 

1.3 Significance 

 
Software project failure is measured in different ways, by different organizations.  

However, the common view is that a software project fails when it does not meet the 

criteria for success.[30]  Success means that the project was delivered on time, within 

budget and fully met the defined technical requirements.  Various studies have attempted 

to estimate the cost of software project failure.  While the estimates vary by researcher, 

they generally fall between an annual cost of $50 billion to $80 billion globally. [30] 
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Galorath (2008) summarizes a series of studies that were conducted by industry 

groups to identify both the impact of software project failures and their potential cause(s).  

This analysis was further reviewed and updated in Kaur et al. (2011).   

Among the research studied was a report called the “Chaos” report from the 

Standish Group, an international IT advisory group.  Since 1994, the Chaos report has 

surveyed thousands of global software projects each year to understand the state of the 

software industry. [31]  From 1994 through 2009, the study concluded that fewer than 

32% of software projects succeed, where success means that the project was on time, on 

budget with a satisfactory result.  This is summarized in Table 1. 

Table 1 - Standish Group Project Outcomes 

Project Outcome 1994 1996 1998 2000 2002 2004 2009 

Succeed 16% 27% 26% 28% 34% 29% 32% 

Failed 31% 49% 28% 23% 15% 18% 24% 

Challenge 53% 33% 46% 49% 51% 53% 44% 
  

Galorath (2008) also referenced a study from Tata Consulting Services from 2007 

that concluded the following. 

• 62% of organizations experienced IT projects that failed to meet their 

schedules.  

• 49% suffered from budget overruns.  

• 47% had higher-than-expected maintenance costs.  

• 41% failed to deliver the expected business value and ROI.  

• 33% file to perform against expectations. 
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This trend was further supported in a 2007 report by the European Service 

Strategy Unit (ESSU) where they had concluded the following. 

• 57% of contracts experienced cost overruns.  

• 33% of contracts suffered major delays.  

• 30% of contracts were terminated.  

• 12.5% of Strategic Service Delivery Partnerships have failed. 

While the reasons for failure cited in each of the studies varied in their relative 

order, poor estimation was considered one of the primary factors. [30]  Kaur et al. (2011) 

held similar findings and concluded that 30% to 40% of software project failures were 

due to poor estimation. 

The findings from the research cited highlight the critical importance that 

estimation has in the ability for a software development project to achieve success.  

Estimation accuracy has a substantial impact on all facets of the project process from 

initial funding to resource allocation to schedule development.  Having a reliable and 

consistent way to estimate effort will help to ensure success while building credibility for 

future project approvals. 

As a count based estimation approach, UCP can be readily understood by most 

software engineers and project managers, leading to rapid proficiency in estimation.  By 

minimizing the factors that impact the accuracy of UCP where possible, estimation 

practitioner will achieve more accurate estimates. 

 

 

 



 

 

16 

 1.4 Scope and Limitations 

 
The research is limited to the Use Case Point method for software estimation 

within the enterprise application domain.  However, the research itself may have 

applicability to other software domains that fit the criteria for Use Case Point estimation.  

The research is focused on the results of the accuracy of modeling technique itself.  It is 

not the intent of this research to evaluate the processes or methods for defining 

requirements, developing use cases or counting actor and use cases as part of the UCP 

process. 

1.5 Structure of the Document 

 
This Praxis is divided into six chapters as follows.  

Introduction – Provides an introduction to the field of software estimation effort, 

defines the problem to be solved, outlines the research questions and objectives, 

addresses the scope and limitation of the research and discusses the significance. 

Literature Review – Reviews and discusses a selection of research in the field of 

software estimation techniques with an emphasis on Use Case Points, estimation 

accuracy measurement, and complexity analysis.  

Research Methodology – The author analyzed various techniques for measuring 

the accuracy of estimation within the domain of software engineering, conduct analysis 

on the relationship between the UCP factors and accuracy and define methods for 

adapting the productivity factor.  The analysis is limited to the scope of the research data 

contained in the Appendix. 
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Application – In this section, the author applies the decomposition and 

aggregation methods defined in Section 3 to the research data set and evaluates impact on 

estimation accuracy. 

Conclusion – The author summarizes both the document and the outcome of the 

research itself, and discuss recommendations for future research. 
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Chapter 2 - Literature Review 

This chapter provides an in-depth review of the research that has been conducted 

in the field of software estimation.  It starts with a review of the broad research in the 

areas of software development effort and cost estimation.  The author individually 

reviews research that delves into the various estimation techniques in general use today.  

This research serves as both an overview of the field and as the foundation for my 

research.  From there, the author reviews research in the areas of Use Case Points, 

Complexity, Estimation Error Rates and impact resulting from estimation errors. 

2.1 Software Effort and Cost Estimation 

 
As previously stated in this document, various methods can be utilized when 

estimating the cost of software development [10].  In general, the methods fall into one of 

two categories; Algorithmic and Non-Algorithmic techniques [9].   Non-Algorithmic 

techniques utilize analogy and deduction to arrive at an estimate [11].  Algorithmic 

methods use formulas, models, and mathematics to arrive at an estimate [11].  Kumar and 

Shekhar further divide the categories into the various subcategories [11] as outlined 

below. 

1. Non-Algorithmic  

Estimation based on analogy – New projects are compared against similar, 

historical projects to establish an estimate [12]. 

Expert Judgement estimation – Utilizes experts to establish an estimate based on 

their collective set of knowledge, experience, and skills [1].  

Top-down estimation – Utilizes non-algorithmic techniques to establish an 

estimate based on a high-level understanding of the needs [11]. 
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Bottom-up estimation – Aggregates the estimates of each, distinct software 

component to derive an overall estimate [11]. 

Price to win estimation -  A constraint-based technique where the estimate is 

constrained by the allotted budget.  The work to be done is limited by the constraint [11]. 

Artificial neural network based estimation – Utilizes AI-based models that are 

trained from historical project data.  They attempt to automate the approach applied in 

Expert Judgement techniques [11].  

2. Algorithmic 

Constructive Cost Model (COCOMO) – A model-based approach to estimation 

whereby the parameters are derived from fitting a regression formula to historical data 

[11].  It utilizes three levels of increasingly detailed forms; basic, intermediate and 

detailed.  Basic COCOMO uses size, as measured in Kilo (1,000s) Lines of Code 

(KLOC) and applies a set of constants to arrive at the estimate.  Intermediate COCOMO 

also measures KLOC's but extends the number of model parameters.  Detailed COCOMO 

is similar to Intermediate COCOMO, but takes the whole system into account [11].  

Putnam’s model – An empirical model that calculates estimate by multiplying the 

size, generally in KLOC’s by a sizing factor and then dividing the result by a productivity 

factor that is determined by the individual organization [11]. 

Function point based analysis – Represents a class of models that measure the size 

of the software based on the number of functions.  “It considers internal logical files, 

external interface file, external input-output, and external inquiries" [11].  The size is then 

divided by a productivity factor to arrive at an estimate. 



 

 

20 

Top-down estimation – Utilizes algorithmic techniques to establish an estimate 

based on a high-level understanding of the needs [11]. 

Use-Case points – Utilizes use-cases to determine the size of the software to be 

developed.  This technique is dependent on the use of the Unified Modeling Language, or 

the Rational Unified Process during the software design and development phases of the 

project.  The software size is calculated based on the use cases, adjusted to account for 

technical complexity and environmental considerations [6].  The net result is the number 

of Use Case Points (UCP).  A productivity factor (PF) is then applied to arrive at an 

overall estimate of the level of effort to develop the solution. 

Kumar and Shekhar conclude in their study that no single technique can be 

applied to all software engineering projects and in many cases, multiple methods must be 

utilized to arrive at the best estimation result [11]. 

In the research by Sekhar and Babu (2017), the authors suggest that determining 

which estimation technique to use is based mainly on the type of software project under 

analysis as well as the skill of the estimator.  Also, the authors advocate the use of 

multiple techniques whereby one estimate can be crossed checked with another [17].   As 

a rule of thumb, Sekhar and Babu (2017) suggest "to utilize non-algorithmic techniques 

like estimation by relationship or master judgment strategy for the tasks which are 

known. Then again for bigger and less known undertakings, it demonstrates better to 

utilize algorithmic techniques" [17].  The author has developed the following Table 2 to 

illustrate the pros and cons of each technique.   
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Table 2 - Comparison of Various Estimation Methods 

S. No Method Type Strengths Weakness 

1 COCOMO Algorithmic Clear results, it is very common 

Much data is 
required, it is not 
suitable for any 

project 

2 Function Point Algorithmic 
Language free, its results are better 
than source line of code estimations 

Mechanization is 
difficult. It is not 

considered to provide 
an answer of high 

quality 

3 Putnam Model Algorithmic 
A probabilistic model used in a very 

large project 
Only used for large 

projects 

4 Seer–Sem Model Algorithmic Used in a very large project 

It has 50 required 
input parameters 

which increases the 
complexity of the 

process and 
uncertainty of the 

answer 

5 Linear Model Algorithmic 
It is the best method of prediction 
using linear regression technique 

Little difference 
between actual and 

predicted Results and 
errors is also needed 

to calculate 

6 Expert Judgment Non- Algorithmic 
Fast prediction, adaptable for special 

projects 

Success depends on 
expert, usually done 

incompletely 

7 Analogy Non- Algorithmic 
Works based on experience and 
special expert is not important 

Much information is 
required about past 

projects, in some 
situations, there are 
no similar projects 

8 Parkinson Non- Algorithmic experience 
Reinforces poor 

practice 

9 Price to win Non- Algorithmic It has often got the contract 
Produces large 

overruns 

10 Top – Down Non- Algorithmic 
Require minimal project details, 

usually faster and easier to 
implement and system level focus 

Less detailed basis 
and less stable 

11 Bottom-up Non- Algorithmic 
More detailed basis, more stable and 

encourage individual commitment 

May overlook system 
level costs, requires 
more effort, a lot of 

time-consuming 

 

 
2.2 The Use Case Point (UCP) Method 

 
The Use Case Point (UCP) software development estimation technique was 

developed by Gustav Karner in 1993, while employed at a firm that later became IBM 
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Rational Software.[6]  It is a technique for estimating the size of software by measuring 

use cases and actors.  

In software engineering, a use case is a written description defining the interaction 

between a role, also referred to as an actor and the system in order to achieve an 

outcome.[6]  It defines the users, conditions, triggers, flows and events that may occur 

during the interaction.  An actor can be a human interacting through some form of 

man/machine interface, or another system interacting through an application 

programming interface.[6]   

Use cases are generally described utilizing the unified modeling language (UML).  

Booch et al. (2003) describe UML as “a modeling language whose vocabulary and rules 

focus on the conceptual and physical representation of a system.” 

In addition to use cases and actors, there are several additional factors that must 

be considered that may impact of the overall effort for the project.  These factors are 

evaluated within a utility function referred to as the Technical Complexity Factors (TCF), 

and is applied to adjust the UCP size.  TCF’s are intended to account for the requirements 

of the project or system that are not definable in a use case. UCP currently defines 13 

factors that must be considered.[6]  

Once the size of the system has been calculated, an estimate of effort to develop 

the system can be calculated.  This is done by multiplying the size of the system by its 

Environmental Factor and a Productivity Factor. 

Environmental factor (EF) is another utility function utilized to adjust for the 

factors related to the team or project.  Like TCF, it is an adjustment factor that takes into 
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account the unique attributes of the project under study.[6]  UCP defines eight 

environmental factors that must be considered in the estimate.  

Productivity factor (PF) is a constant defined by an organization as the number of 

hours it takes to complete one use case point.[6]  PF is further explored in section 2.3 of 

this Praxis. 

UCP is similar to the Function Point technique but is applied to object-oriented 

software projects.[6]  As most modern software is based on some form of object-oriented 

design, UCP has emerged as the more common method of sizing software systems for 

estimation, according to Kusumoto et. al.[6] 

Kusomoto et al. describe details the method and steps involved in UCP 

estimation.  They represent the technique as having six distinct phases. 

1. Actor Weight – An actor in the use cases being measured is categorized into 

simple, average or complex, based on its type.  A simple actor type is one 

where the interaction with an external system is done through a well-defined 

and well documented application programming interface.  An average actor 

type is one where the interaction with an external system is facilitated through 

a standard communications protocol.  An average actor type is one where a 

user interface is involved.  

A weighting of 1, 2 or 3 is applied to each type, based on its type, as seen in Table 

3.  The number of actors (Ac) for each type is calculated and multiplied by each type’s 

weighting factor (Wf), yielding a value referred to as the Unadjusted Actor Weight 

(UAW).  Table 3 outlines the type of actors and associated weighting factor.  The 

equation for UAW is as follows.  
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𝑼𝑨𝑾 =  ∑ 𝑨𝒄 𝒙 𝑾𝒇 
( 2.1 ) 

 

 
Table 3 - Actor Weighting Factor 

Classification (Ac) Type of Actor Weight (Wf) 

Simple External system that must interact with the 
system using a well-defined API 

1 

Average External system that must communicate with 
the system using standard communication 
protocols (e.g., TCP/IP, FTP, HTTP, database) 

2 

Complex Human actor using a GUI application interface 3 

 

2. Use case weight – Similar to UAW in counting technique, each use case is 

classified as simple, average or complex, based on the number of transactions 

in the use case.  A simple use case is defined as containing from one to three 

transactions.  An average use case contains four to seven transactions.  A 

complex use case has more than seven transactions.  Kusumoto et al. define a 

transaction as “an event that occurs between an actor and the target system, 

the event being performed entirely or not at all.” 

A weighting of 5, 10 or 15 is applied to each type of use case.  The number of use 

cases is calculated and multiplied by the weighting factor, resulting in the Unadjusted 

Use Case Weight (UUCW). Table 4 outlines the categories and their associated 

weighting factor.  The equation for UUCW is as follows.   

 

𝑼𝑼𝑪𝑾 =  ∑ 𝑼𝑪𝑪 𝒙 𝑾𝒇𝒃 
( 2.2 ) 
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Table 4 - Use Case Weighting Factor 

Use Case Classification (UCC) No. of Transactions Weight (Wfb) 

Simple 1 to 3 transactions 5 

Average 4 to 7 transactions 10 
Complex 8 or more transactions 15 

 

3. Technical and Environmental factors -  The Unadjusted Use Case Points is 

adjusted based on the number and type of technical and environmental factors 

involved in the project.   

Technical Complexity Factor (TCF) takes into account the number of technical 

complexities that may influence the development effort.  There are currently 13 factors 

that are weighted (Wi) on a scale of 0 to 2.   Each factor is scored by the estimator based 

on the perceived complexity (Ci) on a scale of 0 (factor is irrelevant) to 5 (factor is 

critical).  These factors are then summed to arrive at an intermediate value referred to as 

Technical Factor (TF).   TF is then used to arrive at the TCF utilizing the following 

formula.  TCF = 0.6 + (TF/100).  Table 5 outlines the TCF factors and weights.  The 

equation for TCF is as follows.  

𝐓𝐨𝐭𝐚𝐥 𝐓𝐞𝐜𝐡𝐧𝐢𝐜𝐚𝐥 𝐂𝐨𝐦𝐩𝐥𝐞𝐱𝐢𝐭𝐲 =  ∑ 𝑾𝒊 ∗ 𝑪𝒊

𝟏𝟑

𝒊=𝟏

 

 

( 2.3 ) 

 

Given the weightings and perceived complexity factor scales, TCF impacts the 

overall UCP from - 40 percent (.60) to a maximum of +30 percent (1.30).[20] 
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Table 5 - Technical Complexity Factor 

Factor Description Weight Wi Perceived 
Complexity Ci 

T1 Distributed system 2.0 C1 
T2 Response time/performance objectives 1.0 C2 

T3 End-user efficiency 1.0 C3 

T4 Internal processing complexity 1.0 C4 
T5 Code reusability 1.0 C5 

T6 Easy to install 0.5 C6 
T7 Easy to use 0.5 C7 

T8 Portability to other platforms 2.0 C8 

T9 System maintenance 1.0 C9 
T10 Concurrent/parallel processing 1.0 C10 

T11 Security features 1.0 C11 
T12 Access for third parties 1.0 C12 

T13 End-user training 1.0 C13 
  

Environmental Complexity Factor (ECF) takes into account the environmental 

conditions that can impact the development effort.  Its purpose is to assess the capabilities 

of the development team regarding their skill and experience.  There are currently eight 

environmental factors that are weighted (Wi) on a scale of -1 to 2.   Each factor is scored 

by the estimator based on a perceived impact (Ii) on a scale of 0 (no experience) to 5 

(expert).  These factors are then summed to arrive at the Environmental Factor (EF).  EF 

is then used to arrive at the ECF based on the following formula.  Table 6 outlines the 

environmental factors and their weighting.  

𝐄𝐧𝐯𝐢𝐫𝐨𝐧𝐦𝐞𝐧𝐭𝐚𝐥 𝐂𝐨𝐦𝐩𝐥𝐞𝐱𝐢𝐭𝐲 𝐅𝐚𝐜𝐭𝐨𝐫 = ∑ 𝑾𝒊 ∗ 𝒊𝒊

𝟖

𝒊=𝟏

 

 

 

 

 

 

( 2.4 ) 
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Table 6 - Environment Factors and weights 

Factor Description Weight (Wi) Perceived impact (Ii)) 

E1 Familiarity with development 
process used 

1.5 I1 

E2 Application experience 0.5 I2 

E3 Object-oriented experience of team 1.0 I3 

E4 Lead analyst capability 0.5 I4 
E5 Motivation of the team 1.0 I5 

E6 Stability of requirements 2.0 I6 
E7 Part-time staff -1.0 I7 

E8 Difficult programming language -1.0 I8 
 

4. Calculating Use Case Points (UCP) – The adjusted use case points are 

computed by applying the TCF and ECF to the UUCP as defined by the 

following equation.   

𝑼𝒔𝒆 𝑪𝒂𝒔𝒆 𝑷𝒐𝒊𝒏𝒕 = (𝑼𝑨𝑾 + 𝑼𝑼𝑪𝑾) 𝒙 𝑻𝑪𝑭 𝒙 𝑬𝑪𝑭 ( 2.5 ) 

 

 
5. Estimating effort – The final step in the process is to estimate the amount of 

effort it will take to develop the software based on its size, as measured in use 

case points and the Productivity Factor (PF) of the development team.  In this 

context, PF is the total number of hours required to complete one UCP.  The 

equation for effort estimation is as follows, where k is a constant representing 

the number of hours per use case point of the development team. 

 

𝑬𝒇𝒇𝒐𝒓𝒕 = 𝑼𝑪𝑷 𝒙 𝒌 

 

( 2.6 ) 

Figure 1 provides an overview of the process described above.[18]  In this process 

flow, the authors extended the definition of UCP to include Supplementary Effort (SE).  
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SE is effort that is not explicitly included in the EF, which may consist of project 

management hours, integration testing.[18]  This is a conventional technique used by 

experienced estimators to cover work effort contained in the project that may not directly 

relate to the development of the software itself.    

 

Figure 1 - Use Case Point Estimation Process Flow 

 

2.3 Productivity Factor 

 

The overall effort must be multiplied by the productivity factor of the 

development team, as described in step #5 of section 2.2 to arrive at a cost and schedule 

estimate.  Developer productivity can be defined as the ratio of output productivity 



 

 

29 

divided by the amount of effort.[23]  Despite the simplicity of the metric, there has been 

much research and debate in the software industry on exactly how both of these factors 

are determined.  In this section, the author reviews research that explores this subject 

from various perspectives and at multiple depths. 

Determining the appropriate Productivity Factor for each project and team can be 

difficult.[13]  No one standard has proven to be correct in all projects.  Karner initially 

recommended that when utilizing UCP, a PF of 20 should be used [6], based on the 

assumption that ECF would take into account the inherent diversity of teams that 

influence their overall productivity.  However, this has come under much scrutiny in 

recent years as projects results have indicated that it takes between 15-30 hours for 

UCP.[13]  Schneider and Winters [13] proposed that the environmental factor value 

should be considered when trying to determine the number of hours it takes per UCP.  

The rationale for this proposal is that environmental factor assesses both the skill of the 

team and the stability of the project.  It is these factors that influence the productivity of 

the team.  Schneider et al. proposed the Equation 2.7 when determining hours per UCP, 

where N1 is the number of factors in E1 through E6 and N2 is the number of factors in 

E7 through E8.   If NF ≤ 2, then the PF=20.  If NF = 3 or 4, then PF = 28.  If the NF >4, 

then PF = 36.   

 

𝑵𝑭 = (𝑵𝟏 < 𝟑) + (𝑵𝟐 > 𝟑) 

 

( 2.7 ) 

The benchmark study suggests that developer productivity is vastly more 

complicated and involves several more factors than assessed in the Schneider and 
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Winters proposal.  In that study, those authors analyzed 206 software projects, from 26 

different companies in Finland.   The business sectors represented by the companies 

included banking, insurance, manufacturing, wholesale, retail and public 

administration.[26]   

The study found that developer productivity can be influenced by as many as 47 

different factors contained in three different categories; project classification variables, 

quantitative project details and productivity factors.[26]   

Project classification variables are a set of 13 factors including programming 

language, application type, hardware platform, user interface type, developer model, 

database architecture, database model, database tools, case tools, operating system, 

company and sector. 

Quantitative project details are a set of seven factors including effort, duration, 

unweighted developer experience, weighted developer experience, number and different 

methods used and number of different languages used.    

Productivity factors is a set of 15 software developer characteristics that includes 

years of experience as a developer, experience with tools and languages, prior 

performance and availability.   

All three of the categories defined in the Maxwell and Forselius (2000) 

benchmark study are further described in Table 22 of the Appendix.  

2.4 Assessing Software Complexity 

 
Software complexity describes the impact that the factors influencing estimation, 

development, use, and support have on a given software system.[19]  The various metrics 
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developed to measure software complexity fall into two categories; static and 

dynamic.[19]   

Static metrics are those metrics that directly influence the amount of effort needed 

to develop the software.  They can be gathered at the early stages of projects based on the 

specified requirements, use cases, and architecture.  In general, they are considered "easy 

to gather."[19]  In the context of UCP, the technical complexity factors and 

environmental complexity factors would be regarded as static as defined in Debbarma et 

al. (2013).  

Dynamic metrics are those metrics that assess the interaction of the software itself 

and are usually gathered at the later stage of the project after code has been developed.  

These metrics are considered "hard to obtain" and involve the use of code profiling or 

tracing tools.[19]  These types of metrics are not found as part of the estimation process 

unless the software serves as an input to an analogy-based estimate. 

As the focus of this research is in software effort estimation, the focus of this 

section of the literature review is based on an analysis of static metrics.   The most 

prominent of these metrics is expected software size.   These are metrics that are easy to 

count, do not require knowledge of the internal control structure of the program and are 

programming language independent.[19]  Typical methods of size analysis include source 

lines of code (SLOC), token counts (TC), function points (FP), use case points (UCP) and 

Halstead's software science (HSS).  Both UCP and FP include other technical complexity 

factors as part of the sizing process.  Technical complexity factors influencing UCP are 

outlined in section 2.2. 
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2.5 Measuring Estimation Accuracy and Model Effectiveness 

 

Measurement of estimation accuracy has and continues to be an area of significant 

study for estimation researchers.  This is also true in the field of software estimation.  

While there is no one method of assessing estimation accuracy, many researchers have 

aligned on a standard set of methods, which the author reviews in this section. 

Toka and Turetken (2013) state that the most common method used by software 

estimators to determine accuracy of estimates is the Magnitude of Relative Error (MRE) 

and its derivatives, the Mean Magnitude of Relative Error (MMRE) and Percentage of 

Prediction (PRED(0.25)) methods.[20]  While MMRE has come under some scrutiny by 

many statisticians [21], it remains in extensive use.  This view was also supported by the 

research by Silhavy et al. (2017).  They also conclude the use of Total Sum of Squares 

(TSS) to measure the prediction models, and median of errors is equally valid.[7]  Also, 

the Weighted Mean of Quartiles of relative errors (WMQ) and Mean Variation from 

Estimate (MVFE) are also considered to be reliable methods of measuring estimation 

accuracy.  Each of these methods is reviewed below.  

The Magnitude of Relative Error is a statistic that measures difference between 

the estimated value and the actual value for a given estimation model.  The equation for 

MRE is as follows.[7] 

 

 

𝑴𝑹𝑬 =  
|𝑬𝒔𝒕𝒊𝒎𝒂𝒕𝒆𝒅 𝑬𝒇𝒇𝒐𝒓𝒕 − 𝑨𝒄𝒕𝒖𝒂𝒍 𝑬𝒇𝒇𝒐𝒓𝒕|

𝑨𝒄𝒕𝒖𝒂𝒍 𝑬𝒇𝒇𝒐𝒓𝒕
 

( 2.8 ) 
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While MRE provides for the size of the estimation error, it does not indicate the 

direction of that error.  As such, MRE cannot be utilized to determine if the actual value 

was more or less than the estimated value.  An alternative to MRE that provides both 

magnitude and direction is actual to estimate ratio as shown in the following equation. 

 

𝑨𝑬 =  
𝑨𝒄𝒕𝒖𝒂𝒍 𝑽𝒂𝒍𝒖𝒆

𝑬𝒔𝒕𝒊𝒎𝒂𝒕𝒆 𝑽𝒂𝒍𝒖𝒆
  

 

( 2.9 ) 

In conducting estimation analysis, it is often necessary to evaluate the estimation 

model for a number projects to determine if the model and model parameters are 

efficient.  Several methods exist to conduct this type of analysis.    

Mean Magnitude of Relative Error (MMRE) measures the average MRE for a set 

of estimations.  This can be used as a quick snapshot view of model effectiveness.  

However, it does have limitations as described below [7].  The equation for MMRE is as 

follows.[7]   

 

𝑴𝑴𝑹𝑬 =  
∑ 𝑴𝑹𝑬𝑵

𝒊

𝑵
 

  

( 2.10 ) 

Where individual items in the sample are skewed, MMRE is may not be reliable.  

In this case, the PRED(25) method is preferred.  PRED(25) measures the percentage of 

estimated (predicted) values that fall within 25 percent of the actual value.[21]  The 
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equation for PRED(25) is as follows.[7]  Where A is the number of predictions within 

25%, and N is the total number of predictions. 

 

𝑷𝑹𝑬𝑫 (𝟎. 𝟐𝟓) =  
𝑨

𝑵
   

 

( 2.11 ) 

Total Sum of Squares (TSS) evaluates the estimate by comparing the squared 

differences of each observation from the overall mean.  This can help in understanding 

the amount of variation that exists within the sample.  The equation for TSS is as 

follows.[7] 

 

𝑻𝑺𝑺 =  ∑  (𝑴𝑹𝑬 − 𝑴𝑴𝑹𝑬)𝟐

𝑵

𝒊=𝟏

 

 

( 2.12 ) 

In Lo et al. (1997), the authors suggest that the use of different measures, such as 

MRE and their rations including MMRE are not adequate to assess software estimation 

models, due to the extreme variation that exists across software projects, resulting in 

extreme outliers.[22]  While techniques such as PRED(25) start to address those 

limitations, it fails to take into account 75% of the MRE’s under investigation.  To 

resolve these problems, the Lo team recommends the use of the Weighted Mean of 

Quartiles of MRE's (WMQ) method. 

WMQ is not influenced by outliers and provides a greater understanding of the 

distribution of the MRE within the sample.  The equation for WMQ, as follows, is 

recommended for cases in which the number of outliers is < 25% of all MRE values, and 
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the estimation of 75% of projects are acceptable.[22]  "Because of the present low level 

of poor estimation accuracy, this assumption is reasonable."[22] 

 

𝑾𝑴𝑸 =  
𝟐𝟓𝑸𝟏 + 𝟓𝟎𝑸𝟐 + 𝟕𝟓𝑸𝟑

𝟏𝟓𝟎
=  

𝑸𝟏 + 𝟐𝑸𝟐 + 𝟑𝑸𝟑

𝟔
 

 

( 2.13 ) 

MRE and AE have been used in this Praxis to measure the error of discrete 

projects under study.  These measures were chosen to assess the magnitude and the 

direction of the estimation error.   

For the sample, the author has chosen to utilize the MMRE, PRED (25) and 

WMQ methods.  Both MMRE and WMQ provide measure of central tendency for the 

sample in terms of its mean and quartile alignment.  PRED (25) provides a description of 

the number of projects within the sample that have an estimate accuracy of greater than 

or equal to 25%.  Total Sum of Squares was not utilized as its application may not be 

well understood by many software and project managers. 
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Chapter 3 - Methodology 

The focus of the research for this Praxis is to identify the emergent conditions that 

cause deviation from UCP estimates in actual projects and develop a method of adjusting 

for these conditions.  The author refers to this as the UCP Adjustment Factor Model 

(AFM). 

For any AFM to be useful in mainstream Software Engineering practice, it must 

be simple to understand and apply by Software Engineering and Development Managers.  

Complex, parametric algorithms that require in-depth mathematical understanding or 

tools would likely not be used by estimators or development managers. 

Recognizing this need, the approach the methodology that the author has taken is 

to develop the AFM based on a cross sample of real-world software engineering projects 

that were estimated utilizing the Use Case Point method and updated with actual project 

results. The author refers to the set of these projects as the model dataset. 

This approach takes into account the inherent standard error potential that exists 

within the Use Case Point method itself, along with contributing factors that occur during 

a project that the Use Case Point method does not consider, which can lead to inaccurate 

estimates. Also, the model dataset can serve as reference to estimators and development 

managers seeking to compare their projects against similarly situated projects.  

 

3.1 Methodology Overview 

 
The methodology that the author used in the development of the AFM is based on 

an iterative experimentation of correlation, optimization, and simulations of parameters 

within the model dataset to arrive at the best fit for the research objectives.  The steps for 
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the methodology are depicted in Figure 2.  The detail of each step in this process is 

described further in this section. 

 

 

Figure 2 - Experiment Process 

3.2 Select Model Dataset 

 
The experiments described in this section were conducted against a dataset that 

was obtained from Silhavy et al. [7], which is comprised of 71 software development 

projects that were estimated utilizing the Use Case Point method.  The projects were 

supplied by three different data providers located throughout the world.  The projects in 

the dataset represent a cross-section of typical software projects varying by business 

sector, language and platform, management approach and application type.  The author 

refers to this dataset as the master dataset. 
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The master dataset was divided into two sub-datasets; the model dataset and the 

evaluation dataset.  The model dataset is composed of 44 randomly selected projects from 

the master dataset and is used as the experimentation dataset.  The valuation dataset 

contains the remaining 27 projects from the master dataset and is used to evaluate the 

potential impact of the AFM when applied outside of the experiment.  All three datasets 

have been included in the Appendix of this Praxis. 

The experiments outlined in this section were run against the model dataset to 

derive the best-fit adjustment factor.  The characteristics of the model dataset are as 

follows. 

1. Sectors – The model dataset contains projects form multiple industries 

including banking, communications, electronics, government, insurance, 

manufacturing, medical, professional services, services and wholesale/retail.  

The number of projects by sector are illustrated in Figure 3 below. 
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Figure 3 - Model Dataset by Sector 

2. Languages and Platforms – The model dataset contains projects utilizing 

different programming languages and application platforms.  Projects based on high-level 

languages as C# and Java are included, as well as low-level languages such as C.   

Projects that utilize application platforms like ASP and .NET, have also been included.  

The frequency of projects by language and platform are illustrated in Figure 4. 
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Figure 4 – Model Dataset by Language/Platform 

 
3. Size – Projects in the model dataset range in estimated Use Case Point size 

from 126 points to 480 points and 289 to 398 use case points as measured.  Figure 5 

provides range chart depicting distribution of project size for the estimate UCP and actual 

UCP, expressed in RP20.  Real_Person20 (RP20) is the number of Use Case Points 

derived by taking the quotient of the actual hours spent by the PF of 20 hours. 
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Figure 5 - Model dataset size 

 
4. Relative Error – As described in Section 2, the Magnitude of Relative 

Error (MRE) is the absolute value of the difference between the actual_size and the 

estimated_size.  The estimated_size is calculated by applying the UCP model in equation 

2.5.   The actual_size is the Real_P20 measurement.   In addition to MRE, the author also 

evaluated the actual to estimate ratio, referred to as the A/E measure.  The statistics for 

both MRE and A/E are shown in Table 7.  These statistics have been provided to give the 

reader an understanding of the model dataset as a whole.   
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Table 7 - Model dataset descriptive statistics 

 A/E MRE 

Mean 1.17 0.27 

Standard Error 0.06 0.03 

Median 1.11 0.24 

Mode 1.45 #N/A 

Standard Deviation 0.42 0.18 

Sample Variance 0.17 0.03 

Kurtosis 1.96 -0.58 

Skewness 1.26 0.54 

Range 2.09 0.64 

Minimum 0.60 0.01 

Maximum 2.69 0.66 

Sum 51.60 11.70 

Count 44.00 44.00 

 

 
5. Additional Error Statistics – In addition to the MRE and A/E, the author 

also calculated the remaining error measurement statistics described in Section 2 of this 

Praxis.  These include mean magnitude of relative error (MMRE), the percentage of 

predictions within 25%/50%/75%  (PRED) and weighted mean of quartiles (WMQ).  

Table 8 provides an overview of the sample error statistics for the model dataset.  These 

error statistics are used as a baseline of comparison for the development and verification 

of the adjustment factor model, described in more detail below. 

Table 8 – Model Dataset Error Statistics 

MMRE PRED (25) PRED (50)  PRED (75) WMQ 

0.27 23 39 44 0.28 
MMRE = mean magnitude of relative error, Pred (25/50/75) = number of estimates within n% of actual, WMQ=weighted mean of 
quartiles 

 
6. Development Organization – Based on the distribution of projects by sector 

and programming language as well as their size and error rates, there are 
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minimal differences between the projects provided by the individual data 

donators.  For that reason, the data donator is not considered a factor in this 

research.    

3.3 Correlation, Regression, and Optimization  

 

The first step in the model development is to assess the correlation between the 

various factors to avoid overfitting and multicollinearity in the regression model.  Each of 

the discrete UCP factors (UAW, UUCW, TCF, ECF) are correlated with A/E and with 

each other for this purpose.  This praxis uses the A/E factor instead of MRE to 

accommodate for both magnitude of error and the direction of the error, which is 

necessary for defining the adjustment factor.  

1. UAW and UUCW – As described in Section 2 of this Praxis, the Unadjusted 

Actor Weight and Unadjusted Use Case Weight are two utility functions 

defined in UCP to measure the number and complexity of actors and use cases 

within the software solution.   

As depicted in Figure 6, the correlation between UAW and A/E is limited, with an 

R2 of 0.067.  Also, the p-value of the correlation between UAW and A/E is > 0.05, and as 

such, we cannot reject the null hypothesis of the correlation.  The correlation between 

UAW and UUCW is high, likely due to the linear relationship that exists between actors 

and use cases in software programs.  As there is no correlation with A/E and UAW and 

UUCW are multicollinearities, the author does not consider UAW as a factor for the 

regression analysis. 
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UUCW was also analyzed against A/E and the other UCP factors.  These 

correlations are depicted in Figure 7.  There limited correlation with A/E at 0.29 with a p-

value of <0.05, based on linear regression.  There is also no correlation with either TCF 

or ECF.  For this reason, the author considers UUCW a substantial factor in the 

regression analysis. 

 

Figure 6 – UAW Correlation Analysis 
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Figure 7 – UUCW Correlation Analysis 

 

2. TCF – The Technical Complexity Factor –is one of two utility functions in 

UCP that adjusts the size based on the technical complexity of the solution to 

be developed.  The correlation of TCF to A/E and the other factors is depicted 

in Figure 8.  There is limited correlation between TCF and A/E at 0.338 with a 

p-value of <0.05.   While there is also a high correlation with ECF, the 

variance inflation factor (VIF) conducted in the regression analysis indicated 

no multicollinearity exists between these two factors. 
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Figure 8 – TCF Correlation Analysis 

 

3. ECF – The environmental complexity factor is the other utility function that 

adjusts the size based on the environmental complexities of the program itself.  

The correlation between ECF and A/E, as depicted in Figure 9 is high with a 

p-value of <0.05.   The correlations with the other factors have been described 

previously. 
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Figure 9 – ECF Correlation Analysis 

 
4. Regression Analysis -  The regression analysis was conducted with UUCW, 

TCF, ECF as the independent variables and A/E as the dependent variable.  

The results of the analysis are shown in Table 9.   While the correlation 

between any one independent variable is low, the regression analysis indicates 

that the combined variables UUCW, TCF and ECF explain 90% of the 

estimation error, as measured by A/E, with a 99% confidence level, indicating 

the model is significant. 
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Table 9 - Model Dataset Regression Analysis with Normal Distribution 

Regression Statistics 
    Multiple R 0.95071113 

    R Square 0.903851653 
    Adj R Square 0.896640527 
    St. Error 0.134110717 
    Observations 44 
    

      ANOVA 
       df SS MS F Sign. F 

Regression 3 6.763 2.254 125.341 2.23337E-20 

Residual 40 0.719 0.018 
  Total 43 7.482       

        Coeff. St. Error t Stat P-value VIF 

Intercept (b0) 5.155 0.216 23.906 2.66316E-25 
 UUCW (b1) -0.003 0.000 -14.112 4.01998E-17 1.03 

TCF (b2) -1.445 0.201 -7.192 1.01422E-08 1.32 

ECF (b3) -1.662 0.199 -8.356 2.61789E-10 1.29 

 
5. Proposed Adjustment Factor Model - The model is shown in equation 3.1, 

where b0 is the slope intercept, b1 is the coefficient for UUCW, b2 is the 

coefficient for TCF and b3 is the coefficient for ECF.  This regression model 

serves as the initial adjustment factor model for the research.   

𝑨𝑭𝑴 =  𝒃𝟎 +  𝒃𝟏 ∗ 𝑼𝑼𝑪𝑾 +  𝒃𝟐 ∗ 𝑻𝑪𝑭 +  𝒃𝟑 ∗ 𝑬𝑪𝑭 
 

 

( 3.1 ) 

When utilizing the AFM to improve UCP estimates, the practitioner first 

calculates the number of points using the standard UCP equation, as defined in equation 

2.5.  Once completed, the points are then multiplied by the AFM to get an adjusted point 
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value (APV).  The APV is then multiplied by the PF to obtain the estimated number of 

hours.   

The following sequence shows the error profile of the model dataset before and 

after the calculation of the APV.  Table 10 lists the error statistics for the model dataset 

before and after the AFM is applied. The AFM resulted in an approximate improvement 

of 66% for the MRE and WMQ with limited change in A/E statistics.  The PRED 

quartiles also improved with 43 of the 44 projects now falling within 25% of the 

predicted value.  The model dataset with the AFM applied to each project is included in 

the Appendix. 

Table 10 - Model Dataset Error Statistics with AFM 

MMRE PRED (25) PRED (50)  PRED (75) WMQ 

Before AFM 

0.27 23 39 44 0.28 

After AFM 

0.09 43 44 44 0.09 
MMRE = mean magnitude of relative error, A/E = actual to estimate ratio, Pred (25/50/75) = number of estimates within n% of 
actual, WMQ=weighted mean of quartiles 

 
6. Optimization –  The author further optimizes the original AFM by 

conducting non-linear optimization against the regression model utilizing the Generalized 

Reduced Gradient algorithm [28] as follows. 

Objective Function = MMRE of the model dataset 

Constraints 

 b0  0  

 b1, b2, b3,  0 

The results of the optimization yielded a change in the coefficients to the AFM 

regression model are shown in Table 11.  While the GRG algorithm did find an optimal 
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state for the objective function while meeting all of the constraints, its impact on the 

result of the AFM was minimal, as shown in Table 12.  Both the AFM and Optimized 

AFM are tested against the evaluation dataset in Section 4. 

Table 11 - GRG Optimized Model 

Coefficient Regression Model GRG Model 

Intercept (b0’) 5.155 4.974 

UUCW (b1’) -0.003 -0.003 

TCF (b2’) -1.445 -1.551 

ECF (b3’) -1.662 -1.331 

 
Table 12 - Model Dataset Error Statistics with Optimized AFM 

MMRE PRED (25) PRED (50)  PRED (75) WMQ 

Before AFM 

0.27 23 39 44 0.28 

After AFM 

0.09 43 44 44 0.09 

After Optomized AFM 

0.08 43 44 44 0.09 
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Chapter 4 – Research Results 

The performance of the proposed adjustment factor models was tested against an 

independent dataset to evaluate their performance in reducing error in Use Case Point 

estimates.  The process for the experiment is depicted in Figure 10.  This process includes 

an iterative cycle between step 3 and step 4 whereby the dataset is evaluated against the 

AFM first, then the optimized AFM.  The results of these steps are then reviewed to 

determined which version of the AFM has the greatest impact. 

 

 

Figure 10 - AFM evaluation 

4.1 Evaluation Dataset 

 

The evaluation dataset contains a randomly selected set of 27 projects from the 

master dataset taken from Silhavy et al. [7]  As with the model dataset, the evaluation 

dataset contains a cross-section of typical software projects varying by business sector, 
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language and platform, management approach and application type.  The characteristics 

of the evaluation are as follows.  

1. Sectors – The evaluation dataset contains projects form multiple industries 

including banking, communications, electronics, government, insurance, 

manufacturing, medical, professional services, services and wholesale/retail.  The 

number of projects by sector are illustrated in Figure 11 below. 

  

 

Figure 11 - Evaluation Dataset by Sector 

 
2. Languages and Platforms – The evaluation dataset contains projects utilizing 

different programming languages and application platforms.  Projects based on high-level 

languages as C# and Java are included, as well as low-level languages such as C.   

Projects that utilize application platforms like ASP and .NET, have also been included.  

The frequency of projects by language and platform are illustrated in Figure 12. 
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Figure 12 – Evaluation Dataset by Language/Platform 

 
3. Size – Projects in the model dataset range in estimated Use Case Point size from 

114 points to 660 points and 289 to 399 use case points, as actually measured.  Figure 13 

provides range chart depicting distribution of project size for the estimate UCP and actual 

UCP, referred to as RP20.  As explained in Section 3, Real_Person20 (RP20) is the 

number of Use Case Points derived by taking the quotient of the actual hours spent by the 

PF of 20 hours. 
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Figure 13 - Evaluation dataset size 

 
7. Relative Error – As described in Section 2, the Magnitude of Relative 

Error (MRE) is the absolute value of the difference between the actual_size and the 

estimated_size.  The estimated_size is calculated by applying the UCP model in equation 

2.5.   The actual_size is the Real_P20 measurement. The statistics for both MRE and A/E 

are shown in Table 7.  These statistics have been provided to give the reader an 

understanding of the model dataset as a whole.   
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Table 13 - Evaluation dataset descriptive statistics 

 A/E MRE 

Mean 1.12 0.30 

Standard Error 0.09 0.05 

Median 1.05 0.25 

Mode 0.80 #N/A 

Standard Deviation 0.47 0.24 

Sample Variance 0.22 0.06 

Kurtosis 1.87 6.84 

Skewness 1.60 2.37 

Range 2.28 1.15 

Minimum 0.45 0.05 

Maximum 2.73 1.20 

Sum 30.34 8.18 

Count 27.00 27.00 

 

 
4. Additional Error Statistics – In addition to the MRE and A/E, the author also 

calculated the remaining error measurement statistics described in Section 2.  These 

include mean magnitude of relative error (MMRE), percentage of predictions within 

25%/50%/75 and the weight mean quartiles (WMQ).  These statistics for the evaluation 

dataset are provided in Table 14. 

Table 14 - Evaluation Dataset Error Statistics 

MMRE PRED (25) PRED (50)  PRED (75) WMQ 

0.30 14 24 25 0.27 
MMRE = mean magnitude of relative error, A/E = actual to estimate ratio, Pred (25/50/75) = number of estimates within n% of 
actual, WMQ=weighted mean of quartiles 

 
4.2 Application of AFM 

 

Before testing the effects of the AFM and Optimized AFM on the evaluation 

dataset, it is essential to review how they are to be applied.  The application of the both 
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AFM models alters the UCP process that the author described in Figure 1.  This process 

has been modified to include the application of the AFM and is depicted in  

Figure 14.   

 

 
 

Figure 14 - UCP process with AFM 

With this change in process also comes a change in the equation to assess project 

effort, as depicted in equation 4.1, where the constant k is the productivity factor (PF) 

used in the development organization.  In the master dataset contained in this research, 

the PF is 20 hours, which means that it takes 20 hours of development time to complete 

one use case point. 

 

𝑬𝒇𝒇𝒐𝒓𝒕 = 𝑼𝑪𝑷 𝒙 𝒌 𝒙 𝑨𝑭𝑴 ( 4.1 ) 
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4.3 Test Results 

 

The first iteration of the test applies the AFM to the evaluation dataset as depicted 

in Figure 14 utilizing equation 4.1.  The results of the test are outlined in Table 15. 

Table 15 - Test Results #1 

Evaluation Dataset Error Statistics 

MMRE PRED (25) PRED (50)  PRED (75) WMQ 

0.30 14 24 25 0.27 

After AFM 

MMRE PRED (25) PRED (50)  PRED (75) WMQ 

0.15 25 27 27 0.13 
MMRE = mean magnitude of relative error, A/E = actual to estimate ratio, Pred (25/50/75) = number of estimates within n% of 
actual, WMQ=weighted mean of quartiles, AFM = adjustment factor model 

 

In test #1, the mean magnitude of relative error (MMRE) reduced from 0.30 for 

the evaluation dataset to 0.15 when the AFM was applied.  This is an improvement of 

50% for the dataset.  In absolute terms, this reduction would decrease the number of 

hours due to error from 52,720 to 26,320 for the total of the projects in the evaluation 

dataset. 

In addition, the percentage of predictions within 25% of their estimate increased 

from 14 in the evaluation dataset to 25 after the AFM was applied.  The remaining two 

projects fell within 50% of their predicted estimate.  Lastly, the weighted mean of 

quartiles reduced from 0.27 in the evaluation dataset to 0.13 after the AFM was applied, 

an overall improvement of 62%.  

These improvements in estimation error suggests that the emergent factor 

impacting UCP accuracy can be quantified.  This is the basis for the creation of an 
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adjustment factor that reduces of eliminates the impact of the emergent factor on UCP 

estimates. 

 Five of the 27 projects in the evaluation dataset did increase in MRE but did not 

fall outside of the PRED(25).  No observational pattern exists within the five projects that 

would explain deviation from the sample.  It is possible that these projects were impacted 

by factors outside of UCP and the emergent impact of the UCP factors considered as part 

of the AFM.  These results are shown in Figure 15.  

 

Figure 15 - Estimation Improvement with AFM 

The second iteration of the test applies the Optimized AFM to the evaluation 

dataset utilizing the same methodology applied in test iteration #1.  The results of test #2 

are outlined in Table 16. 

Table 16 - Test Results #2 

Test #2 - After Optimized AFM 

MMRE PRED (25) PRED (50)  PRED (75) WMQ 

0.15 27 27 27 0.15 
MMRE = mean magnitude of relative error, A/E = actual to estimate ratio, Pred (25/50/75) = number of estimates within n% of 
actual, WMQ=weighted mean of quartiles, AFM = adjustment factor model 
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Test #2 resulted in a decline in mean magnitude of relative error (MMRE) from 

0.30 in the evaluation dataset to 0.15.  This was the same result arrived at in test #1.  The 

weighted mean quartile also dropped in test #2 from 0.27 in the evaluation dataset to 

0.15.  This was a decline in performance from test #1, as the WMQ in test #1 was 0.13.  

However, test #2 did yield a better performance in the percent of predictions falling 

within 25% of their predicted estimate.  All 27 projects achieved this performance. 

Figure 16 depicts the MRE improvement for each of the projects in the evaluation 

dataset.  The same five projects that deviated from the sample in test #1 also deviated in 

test #2. 

 

Figure 16 - Estimation Improvement with Optimized AFM 

The results of both tests are summarized Table 17.  The test results show that the 

proposed application of an adjustment factor to use case based estimates reduced the 

mean magnitude of relative error by 50% and weighted mean quartile by as much as 62% 

for the projects in the evaluation dataset.  Moreover, 26 of the 27 projects improved to 
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within 25% of its estimate with the AFM applied and all 27 when the Optimized AFM 

was applied.   

The tests also indicate that the application of the adjustment factors improved 

estimation error in 82% of the projects contained in the evaluation dataset.  These results 

are shown in Figure 15 and Figure 16, respectively. 

Table 17 - Experiment evaluation results 

Evaluation Dataset Error Statistics 

MMRE PRED (25) PRED (50)  PRED (75) WMQ 

0.30 14 24 25 0.27 

Test #1 - After AFM 

MMRE PRED (25) PRED (50)  PRED (75) WMQ 

0.15 25 27 27 0.13 

Test #2 - After Optimized AFM 

MMRE PRED (25) PRED (50)  PRED (75) WMQ 

0.15 27 27 27 0.15 
MMRE = mean magnitude of relative error, A/E = actual to estimate ratio, Pred (25/50/75) = number of estimates within n% of 
actual, WMQ=weighted mean of quartiles, AFM = adjustment factor model 

 

The differences in the results between the adjustment factor model and optimized 

adjustment factor model were minor at an individual project level.  There were no 

specific patterns identified within the projects that would explain why one project reacted 

more positively to AFM then Optimized AFM and vice versa. 
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Chapter 5 – Conclusion and Recommendations 

The purpose of this research was to identify a method for reducing the estimation 

error that inherently exists in UCP software estimation.  The research was based on two 

relevant hypotheses.   

H1:  There exists an emergent factor that occurs in software engineering projects 

that impact the accuracy of effort estimation, but is not accounted for in the UCP 

methodology. 

The regression analysis conducted in section 3 identified that 90% of the 

estimation error in the model dataset was attributable to the interaction of unadjusted use 

case weight, technical complexity factor and environmental complexity factor at the 

levels identified in Table 18.   Based on this analysis, the emergent factor can be 

measured by the regression equation 5.1.  Given these findings, the null hypothesis can 

be rejected. 

𝑬𝑭 =  𝒃𝟎 +  𝒃𝟏 ∗ 𝑼𝑼𝑪𝑾 +  𝒃𝟐 ∗ 𝑻𝑪𝑭 +  𝒃𝟑 ∗ 𝑬𝑪𝑭 
 

( 5.1 ) 

Table 18 - Model Dataset Regression 

  Coeff. St. Error t Stat P-value VIF 

Intercept (b0) 5.155 0.216 23.906 2.66316E-25 
 UUCW (b1) -0.003 0.000 -14.112 4.01998E-17 1.03 

TCF (b2) -1.445 0.201 -7.192 1.01422E-08 1.32 

ECF (b3) -1.662 0.199 -8.356 2.61789E-10 1.29 

  

H2: The  emergent factor in UCP labor estimation is the primary source of UCP 

estimation error and if it is eliminated, can reduce estimation error by as much 50%.  
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The emergent factor measurement described in equation 5.1 was then tested with 

an independent set of software development projects, referred to as the evaluation dataset.  

This process is described in section 4.  In this experiment, the emergent factor was 

eliminated by applying an adjustment factor of equal size to of the emergent factor to the 

use case point effort estimate.  The outcome of the experiment showed a reduction in 

estimation error by 50% compared to that of UCP estimates alone, as measured by 

MMRE while improving the PRED (25) to 100%.  Given these findings, the null 

hypothesis can be rejected. 

 

5.1 Impact of the Research 

 

Galorath (2008) reviewed, analyzed and summarized multiple studies and surveys 

exploring the rate of success and failure of software development projects and their 

potential causes.  While the failure estimates differed by study, the range of failed or 

challenged software projects globally was 60% to 80%. 

One of the studies examined by Galorath (2008) from Tata Consultancy 

concluded that over 47% of the software development projects they studied failed due 

schedule overrun.  Kaur et al. (2011) held a similar conclusion in their research citing that 

30% to 40% of software project failures were due to poor estimation.  While the cost of 

these failures due to schedule overrun has been difficult to measure, Kaur et al. (2011) 

estimated the impact to be $50 to $80 billion globally. 



 

 

63 

By applying the techniques developed through this research, software 

development and project managers can impact their software development projects in the 

following ways. 

1. Reduce estimation error by as much as 50%.   

2. Increase project success by 30% to 40%, as measured by attainment of cost and 

schedule. 

The financial impact of these improvements will vary by project and organization.  

However, the author has conducted a financial analysis of the of the evaluation dataset to 

serve as an illustration of the potential financial impact.  For this analysis, a productivity 

factor of 20 hours/ucp was utilized at a development cost of $70.00/hour.  This hourly 

rate is based on a detailed compensation survey conducted by O’Reilly Media of 6,800 

global software engineers. [32]  

 Figure 17 depicts an overview of the financial based the difference in cost 

between the actual estimate compared against the initial estimate and the adjusted 

estimate.  Based on this analysis, the average savings per project is $71,490 with a 

minimum savings of $17,079 and a maximum savings of $118,662.  The overall savings 

would be $1,930,222. 
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Figure 17 - Financial Impact on Dataset 

 

Figure 18 depicts the difference in cost between the actual compared against the 

initial estimate and the adjusted estimate for each of the projects in the evaluation dataset.  

The costs are shown in absolute terms so as to convey the magnitude of the impact, 

regardless if the project was under or over estimated.   
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Figure 18 - Financial Impact on Projects 

In addition, improved estimation accuracy has the ability to restore the integrity of 

project estimates and costing analysis.  Increase accuracy will have the result of increased 

confidence with management when reviewing the cost and benefit analysis of a software 

development project, potentially resulting in greater approval. 

5.2 Integrity of Research 

 

A limitation of this research is the number of software development projects 

utilized to develop and evaluate the adjustment factor model.  The number of projects 

poses a potential threat to the research.  It is possible that given a broader set of projects, 

the regression model may shift, resulting in a change to the factor weightings and altering 

the model. 

Another limitation is the selected projects for the research were provided by a 

limited number of organizations.  Increasing the number of donor organizations that 

supply the studied projects may also alter the regression model.   
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Finally, optimization of the initial model was optimized utilizing the Generalized 

Reduced Gradient algorithm.  Applying a different algorithm or adjusting the constraints 

may alter the Optimized AFM factors.  

5.3 Recommendations 

 

The scope for this research was to determine if the emergent factor could be 

measured and factored out for a given sample of software development projects.  It is 

beyond the scope of this research to identify the specific cause of the emergent factor.  

Additional research should be conducted to determine the potential relationship that 

exists between the ucp parameters that cause the emergent factor to occur.  This may be 

related to project size, technology, approach or other contributing factor. 

Related to the elimination of the emergent factor and development of an 

adjustment factor model, additional study of more projects could result in an improved 

model.  Additionally, variations in the type, size, and technology used within projects 

could expose additional emergent factors not considered in UCP or the author’s 

adjustment factor model.  Further study should also be performed to identify 

improvements in optimization.  The restrictions of the GRG algorithm may be restricting 

the models.  

In addition, the true impact of poor software estimation has been limited to studies 

and surveys of different organizations.  While these studies do provide a view of the 

magnitude of the problem, they are limited in their scope.  Additional research in this 

area may bring additional insights on the potential impact that estimation optimization 

can yield for a given organization and industry. 
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Appendix 

For the following datasets contained in this Appendix, the table headings have the 

following meanings. 

Heading 

RND 

Meaning 

Random number used for sample selection 

# Project number 

SA Simple Actors 

AA Average Actors 

CA Complex Actors 

UAW Unadjusted Actor Weight 

SUC Simple Use Case 

AUC Average Use Case 

CUC Complex Use Case 

UUCW Unadjusted Use Case Weight 

TCF Technical Complexity Factor 

ECF Environmental Complexity Factor 

RP20 Real_P(20) 

RE Real Effort in Person Hours 

SEC Sector; 0 = Unknown, 1 = Banking, 2 = Communications, 3 = 

Electronics, 4 = Government, 5 = Insurance, 6 = Manufacturing, 7 = 

Medical, 8 = Pro Services, 9 = Services, 10 = Wholesale and Retail 

LNG Language; 0 = Unknown, 1 = ASP, 2 = C, 3 = C#, 4 = C++, 5 = 

Delphi, 6 = JAVA, 7 = .NET, 8 = Oracle, 9 = Power Builder, 10 = 

SQL, 11 = Visual Basic, 12 = XML 

MET Project Methodology; 0 = Unknown, 1 = Incremental, 2 = 

Multifunctional Teams, 3 = Personal Software Process, 4 = Rapid 

Application Development, 5 = Unified Process, 6 = Waterfall 

APT 

 

DP 

Application Type; 0 = Unknown, 1 = Business, 2 = Infrastructure, 3 = 

Mathematically Intensive, 4 = Real Time 

Development Organization 

 
Table 19 - Master Dataset 

RND # SA AA CA UAW SUC AUC CUC UUCW TCF ECF UCP RP20 A/E MRE RE SEC LNG MET APT 

57.58 1 1 1 2 9 6 10 15 355 0.81 0.84 248 399 1.61 0.38 7970 6 6 0 0 

7.25 2 1 2 1 8 4 20 15 445 0.99 0.99 444 398 0.9 0.12 7962 0 0 0 0 

58.25 3 0 0 3 9 1 5 20 355 1.03 0.8 300 397 1.32 0.24 7935 1 3 0 1 

40.24 4 0 1 2 8 5 10 15 350 0.9 0.91 293 390 1.33 0.25 7805 2 4 0 4 

29.75 5 1 2 1 8 1 10 16 345 0.9 0.91 289 388 1.34 0.26 7758 6 0 6 4 

8.27 6 2 0 2 8 1 13 14 345 0.99 0.99 346 382 1.1 0.09 7643 5 6 3 1 

83.91 7 0 2 1 7 3 18 15 420 0.94 1.02 409 377 0.92 0.08 7532 2 6 4 1 
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83.07 8 0 1 2 8 0 16 12 340 1.03 0.8 287 373 1.3 0.23 7451 10 2 0 1 

69.58 9 0 1 2 8 2 10 15 335 0.94 1.02 329 372 1.13 0.12 7449 1 3 0 1 

99.90 10 4 0 1 7 4 14 17 415 1.025 0.98 424 371 0.88 0.14 7427 0 6 0 0 

75.42 11 1 2 1 8 5 16 10 335 0.92 0.78 246 370 1.5 0.34 7406 9 3 0 1 

46.57 12 0 1 2 8 1 10 15 330 0.85 0.89 256 368 1.44 0.30 7365 2 5 0 1 

40.40 13 1 0 2 7 9 8 19 410 0.75 0.81 253 368 1.45 0.31 7350 8 3 0 1 

71.07 14 1 0 2 7 5 8 20 405 1.02 1.085 456 365 0.8 0.25 7303 3 3 5 1 

13.73 15 0 1 2 8 2 15 11 325 1.095 0.95 346 363 1.05 0.05 7252 0 4 0 0 

87.31 16 0 1 2 8 1 8 16 325 0.92 0.78 239 362 1.52 0.34 7245 5 3 6 0 

69.33 17 0 2 1 7 2 15 16 400 0.75 0.81 247 358 1.45 0.31 7166 1 7 0 1 

28.59 18 2 1 1 7 5 11 17 390 0.965 0.755 289 356 1.23 0.19 7119 4 3 0 3 

76.25 19 0 1 2 8 3 9 14 315 0.92 0.78 232 356 1.53 0.35 7111 2 4 0 3 

14.78 20 4 2 0 8 2 14 11 315 1.05 0.95 322 352 1.09 0.09 7044 7 0 0 0 

18.47 21 1 0 2 7 5 14 15 390 0.71 0.73 206 352 1.71 0.41 7040 4 6 0 1 

89.92 22 2 1 1 7 3 23 10 395 1.02 1.085 445 351 0.79 0.27 7028 5 3 6 1 

83.72 23 0 1 2 8 1 16 10 315 1.03 0.8 266 347 1.3 0.23 6942 0 12 0 1 

93.75 24 1 0 2 7 1 15 10 305 0.965 0.755 227 341 1.5 0.33 6814 2 0 6 3 

62.11 25 0 0 3 9 2 19 12 380 0.78 0.79 240 340 1.42 0.29 6809 9 3 0 1 

86.24 26 0 1 2 8 2 20 11 375 0.98 0.97 364 340 0.93 0.07 6802 3 3 6 0 

50.29 27 1 1 3 12 0 14 11 305 0.78 0.51 126 339 2.69 0.63 6787 7 0 0 0 

95.98 28 1 0 2 7 1 9 14 305 1.08 0.77 259 338 1.3 0.23 6764 9 0 0 0 

83.94 29 0 2 1 7 4 15 14 380 1.05 0.95 386 338 0.88 0.14 6761 6 10 0 1 

17.95 30 0 2 1 7 0 15 10 300 0.85 0.89 232 336 1.45 0.31 6725 6 0 6 4 

84.43 31 1 0 2 7 1 16 9 300 1.02 1.085 340 335 0.98 0.01 6690 7 0 0 0 

42.60 32 0 2 1 7 0 18 8 300 1.08 0.77 255 330 1.29 0.23 6600 4 8 2 1 

27.61 33 2 1 1 7 0 17 8 290 0.94 1.02 285 324 1.14 0.12 6474 4 11 0 0 

39.83 34 0 0 2 6 0 13 15 355 0.95 0.92 316 322 1.02 0.02 6433 4 3 0 2 

75.19 35 1 0 2 7 1 13 10 285 0.78 0.79 180 321 1.78 0.44 6416 5 3 0 1 

45.72 36 0 1 2 8 0 14 10 290 0.94 1.02 286 321 1.12 0.11 6412 3 3 1 0 

60.99 37 0 0 2 6 4 20 9 355 0.9 0.94 305 320 1.05 0.05 6400 6 11 6 1 

28.72 38 1 0 2 7 1 10 12 285 0.71 0.73 151 318 2.1 0.53 6360 5 3 0 0 

85.13 39 0 0 2 6 0 13 15 355 0.9 0.91 296 317 1.07 0.07 6337 10 11 0 0 

54.37 40 2 2 4 18 1 20 27 610 0.72 0.67 303 312 1.03 0.03 6240 5 0 0 1 

51.54 41 1 0 2 7 1 11 11 280 0.78 0.51 114 312 2.73 0.63 6232 4 3 0 1 

85.88 42 1 0 2 7 1 14 9 280 1.03 0.8 236 309 1.31 0.24 6173 10 5 4 1 

5.59 43 0 0 2 6 0 12 15 345 1 0.92 323 308 0.95 0.05 6160 5 11 6 1 

68.82 44 0 0 2 6 2 15 12 340 1.095 0.95 360 306 0.85 0.18 6117 1 3 0 1 

56.71 45 2 1 1 7 2 13 9 275 0.75 0.81 171 303 1.77 0.44 6062 5 11 6 1 

31.30 46 0 2 5 19 1 27 15 500 1.03 0.8 428 303 0.71 0.41 6051 9 3 0 1 
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38.52 47 1 1 5 18 3 26 15 500 0.72 0.67 250 302 1.21 0.17 6048 1 1 0 1 

86.36 48 0 3 4 18 2 19 20 500 0.85 0.89 392 302 0.77 0.30 6035 9 0 0 1 

63.76 49 0 0 2 6 1 19 5 270 0.965 0.755 201 301 1.5 0.33 6024 1 3 0 0 

12.09 50 0 0 6 18 20 25 9 485 0.85 0.88 376 301 0.8 0.25 6023 9 9 0 1 

65.87 51 2 2 4 18 5 25 20 575 1.118 0.995 660 300 0.45 1.20 5993 5 3 6 0 

81.84 52 1 1 5 18 4 16 21 495 0.85 0.88 384 299 0.78 0.28 5985 4 3 0 1 

24.84 53 0 3 4 18 5 21 17 490 0.75 0.81 309 299 0.97 0.03 5971 4 3 0 1 

45.17 54 1 1 5 18 5 21 17 490 0.81 0.84 346 298 0.86 0.16 5962 1 6 0 1 

54.85 55 1 1 5 18 6 16 20 490 0.85 0.89 384 297 0.77 0.29 5944 7 0 0 0 

16.35 56 0 1 5 17 5 25 20 575 0.85 0.88 443 297 0.67 0.49 5940 5 0 6 0 

21.33 57 0 0 2 6 0 14 8 260 0.98 0.97 253 296 1.17 0.15 5927 0 3 0 1 

92.01 58 0 1 5 17 3 18 19 480 0.85 0.89 376 294 0.78 0.28 5885 8 6 6 1 

59.66 59 1 1 5 18 5 16 20 485 1.08 0.77 418 294 0.7 0.42 5882 6 6 0 1 

3.74 60 0 0 2 6 1 14 12 325 0.72 0.67 160 294 1.84 0.46 5880 0 0 0 0 

36.56 61 2 2 4 18 3 26 14 485 0.82 0.79 326 294 0.9 0.11 5880 0 3 0 1 

36.13 62 1 1 1 6 1 10 15 330 0.96 0.96 310 294 0.95 0.05 5876 2 4 0 1 

45.35 63 0 0 2 6 0 3 20 330 0.85 0.89 254 294 1.16 0.14 5873 9 3 2 1 

64.45 64 1 1 5 18 3 17 20 485 1.095 0.95 523 293 0.56 0.78 5865 7 0 0 0 

86.70 65 0 0 6 18 2 17 20 480 0.965 0.755 363 293 0.81 0.24 5863 0 11 0 0 

88.21 66 1 1 5 18 3 21 17 480 0.98 0.97 473 293 0.62 0.61 5856 2 0 6 3 

7.78 67 0 3 4 18 2 18 18 460 1.05 0.95 477 290 0.61 0.64 5800 4 10 0 1 

23.41 68 1 2 4 17 1 23 22 565 1.03 0.8 480 290 0.6 0.66 5791 1 2 0 4 

51.46 69 0 2 5 19 5 30 10 475 0.95 0.92 432 289 0.67 0.49 5782 7 3 0 1 

74.70 70 0 0 2 6 5 15 5 250 1 0.92 236 289 1.23 0.18 5778 5 3 6 1 

53.60 71 2 2 4 18 5 18 17 460 0.85 0.89 362 289 0.8 0.25 5775 5 6 6 1 

 

Table 20 - Model Dataset with AFM 

AA CA UAW SUC AUC CUC UUCW TCF ECF UCP RP20 A/E MRE RE AFM EST_UCP RP20 A/E MRE 

0 2 6 5 15 5 250 1 0.92 236 289 1.23 0.18 5778 1.40 330 289 0.88 0.14 

0 2 6 0 13 15 355 0.95 0.92 316 322 1.02 0.02 6433 1.14 359 322 1.02 0.12 

0 2 6 1 19 5 270 0.965 0.755 201 301 1.5 0.33 6024 1.61 323 301 1.5 0.07 

2 5 19 5 30 10 475 0.95 0.92 432 289 0.67 0.49 5782 0.75 325 289 0.67 0.12 

2 1 7 0 15 10 300 0.85 0.89 232 336 1.45 0.31 6725 1.51 350 336 1.45 0.04 

1 3 12 0 14 11 305 0.78 0.51 126 339 2.69 0.63 6787 2.11 265 339 2.69 0.22 

3 4 18 2 19 20 500 0.85 0.89 392 302 0.77 0.30 6035 0.87 340 302 0.77 0.13 

0 2 6 1 14 12 325 0.72 0.67 160 294 1.84 0.46 5880 1.92 308 294 1.84 0.05 

3 4 18 2 18 18 460 1.05 0.95 477 290 0.61 0.64 5800 0.61 289 290 0.61 0.00 

0 2 7 9 8 19 410 0.75 0.81 253 368 1.45 0.31 7350 1.42 359 368 1.45 0.03 
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1 2 8 1 8 16 325 0.92 0.78 239 362 1.52 0.34 7245 1.47 350 362 1.52 0.03 

1 2 8 1 16 10 315 1.03 0.8 266 347 1.3 0.23 6942 1.30 346 347 1.3 0.00 

3 4 18 5 21 17 490 0.75 0.81 309 299 0.97 0.03 5971 1.16 359 299 0.97 0.20 

0 2 7 1 14 9 280 1.03 0.8 236 309 1.31 0.24 6173 1.41 334 309 1.31 0.08 

2 1 7 0 18 8 300 1.08 0.77 255 330 1.29 0.23 6600 1.31 334 330 1.29 0.01 

2 1 8 4 20 15 445 0.99 0.99 444 398 0.9 0.12 7962 0.69 308 398 0.9 0.23 

2 1 8 1 10 16 345 0.9 0.91 289 388 1.34 0.26 7758 1.26 364 388 1.34 0.06 

1 2 8 2 20 11 375 0.98 0.97 364 340 0.93 0.07 6802 0.96 349 340 0.93 0.03 

0 2 7 1 16 9 300 1.02 1.085 340 335 0.98 0.01 6690 0.99 335 335 0.98 0.00 

1 5 18 5 16 20 485 1.08 0.77 418 294 0.7 0.42 5882 0.72 300 294 0.7 0.02 

2 0 8 2 14 11 315 1.05 0.95 322 352 1.09 0.09 7044 1.07 345 352 1.09 0.02 

1 2 8 0 14 10 290 0.94 1.02 286 321 1.12 0.11 6412 1.23 351 321 1.12 0.09 

1 5 18 3 26 15 500 0.72 0.67 250 302 1.21 0.17 6048 1.36 340 302 1.21 0.13 

0 2 6 0 3 20 330 0.85 0.89 254 294 1.16 0.14 5873 1.41 359 294 1.16 0.22 

1 2 8 2 15 11 325 1.095 0.95 346 363 1.05 0.05 7252 0.97 335 363 1.05 0.08 

2 4 17 1 23 22 565 1.03 0.8 480 290 0.6 0.66 5791 0.50 240 290 0.6 0.17 

1 2 8 1 10 15 330 0.85 0.89 256 368 1.44 0.30 7365 1.41 362 368 1.44 0.02 

0 2 7 5 14 15 390 0.71 0.73 206 352 1.71 0.41 7040 1.65 340 352 1.71 0.03 

1 5 17 5 25 20 575 0.85 0.88 443 297 0.67 0.49 5940 0.64 284 297 0.67 0.05 

1 2 8 3 9 14 315 0.92 0.78 232 356 1.53 0.35 7111 1.50 348 356 1.53 0.02 

0 6 18 2 17 20 480 0.965 0.755 363 293 0.81 0.24 5863 0.93 339 293 0.81 0.16 

2 1 7 2 15 16 400 0.75 0.81 247 358 1.45 0.31 7166 1.45 358 358 1.45 0.00 

1 5 18 3 21 17 480 0.98 0.97 473 293 0.62 0.61 5856 0.62 295 293 0.62 0.01 

2 5 19 1 27 15 500 1.03 0.8 428 303 0.71 0.41 6051 0.71 303 303 0.71 0.00 

0 2 8 1 13 14 345 0.99 0.99 346 382 1.1 0.09 7643 1.01 351 382 1.1 0.08 

0 2 7 1 10 12 285 0.71 0.73 151 318 2.1 0.53 6360 1.99 300 318 2.1 0.06 

2 1 7 3 18 15 420 0.94 1.02 409 377 0.92 0.08 7532 0.81 332 377 0.92 0.12 

1 1 7 5 11 17 390 0.965 0.755 289 356 1.23 0.19 7119 1.22 353 356 1.23 0.01 

0 1 7 4 14 17 415 1.025 0.98 424 371 0.88 0.14 7427 0.75 317 371 0.88 0.14 

1 1 6 1 10 15 330 0.96 0.96 310 294 0.95 0.05 5876 1.15 356 294 0.95 0.21 

2 1 8 5 16 10 335 0.92 0.78 246 370 1.5 0.34 7406 1.43 353 370 1.5 0.05 

2 4 18 1 20 27 610 0.72 0.67 303 312 1.03 0.03 6240 1.01 306 312 1.03 0.02 

0 2 6 0 12 15 345 1 0.92 323 308 0.95 0.05 6160 1.09 353 308 0.95 0.14 

0 2 7 1 9 14 305 1.08 0.77 259 338 1.3 0.23 6764 1.30 336 338 1.3 0.01 

 
Table 21 – Evaluation dataset with AFM 

# SA AA CA UAW SUC AUC CUC UUCW TCF ECF UCP RP20 A/E MRE RE AFM EST_UCP A/E MRE 

44 0 0 2 6 2 15 12 340 1.10 0.95 360 306 0.85 0.18 6117 0.90 324 0.94 0.06 
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3 0 0 3 9 1 5 20 355 1.03 0.80 300 397 1.32 0.24 7935 1.20 359 1.11 0.10 

35 1 0 2 7 1 13 10 285 0.78 0.79 180 321 1.78 0.44 6416 1.80 324 0.99 0.01 

8 0 1 2 8 0 16 12 340 1.03 0.80 287 373 1.3 0.23 7451 1.24 357 1.04 0.04 

9 0 1 2 8 2 10 15 335 0.94 1.02 329 372 1.13 0.12 7449 1.02 337 1.10 0.09 

57 0 0 2 6 0 14 8 260 0.98 0.97 253 296 1.17 0.15 5927 1.29 327 0.91 0.10 

1 1 1 2 9 6 10 15 355 0.81 0.84 248 399 1.61 0.38 7970 1.45 359 1.11 0.10 

39 0 0 2 6 0 13 15 355 0.90 0.91 296 317 1.07 0.07 6337 1.20 356 0.89 0.12 

64 1 1 5 18 3 17 20 485 1.10 0.95 523 293 0.56 0.78 5865 0.43 227 1.29 0.22 

52 1 1 5 18 4 16 21 495 0.85 0.88 384 299 0.78 0.28 5985 0.87 335 0.89 0.12 

61 2 2 4 18 3 26 14 485 0.82 0.79 326 294 0.9 0.11 5880 1.10 358 0.82 0.22 

33 2 1 1 7 0 17 8 290 0.94 1.02 285 324 1.14 0.12 6474 1.17 333 0.97 0.03 

25 0 0 3 9 2 19 12 380 0.78 0.79 240 340 1.42 0.29 6809 1.49 358 0.95 0.05 

22 2 1 1 7 3 23 10 395 1.02 1.09 445 351 0.79 0.27 7028 0.61 271 1.30 0.23 

54 1 1 5 18 5 21 17 490 0.81 0.84 346 298 0.86 0.16 5962 1.01 351 0.85 0.18 

51 2 2 4 18 5 25 20 575 1.12 1.00 660 300 0.45 1.20 5993 0.04 25 12.12 0.92 

71 2 2 4 18 5 18 17 460 0.85 0.89 362 289 0.8 0.25 5775 0.97 351 0.82 0.21 

24 1 0 2 7 1 15 10 305 0.97 0.76 227 341 1.5 0.33 6814 1.53 346 0.98 0.02 

58 0 1 5 17 3 18 19 480 0.85 0.89 376 294 0.78 0.28 5885 0.90 340 0.86 0.16 

4 0 1 2 8 5 10 15 350 0.90 0.91 293 390 1.33 0.25 7805 1.22 357 1.09 0.09 

55 1 1 5 18 6 16 20 490 0.85 0.89 384 297 0.77 0.29 5944 0.87 335 0.89 0.13 

50 0 0 6 18 20 25 9 485 0.85 0.88 376 301 0.8 0.25 6023 0.91 340 0.88 0.13 

45 2 1 1 7 2 13 9 275 0.75 0.81 171 303 1.77 0.44 6062 1.84 315 0.96 0.04 

14 1 0 2 7 5 8 20 405 1.02 1.09 456 365 0.8 0.25 7303 0.58 263 1.39 0.28 

41 1 0 2 7 1 11 11 280 0.78 0.51 114 312 2.73 0.63 6232 2.28 260 1.20 0.17 

37 0 0 2 6 4 20 9 355 0.90 0.94 305 320 1.05 0.05 6400 1.15 351 0.91 0.10 

29 0 2 1 7 4 15 14 380 1.05 0.95 386 338 0.88 0.14 6761 0.84 323 1.05 0.04 
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Table 22 - Variables Considered in the Analysis 

 
 

Language SLOC/FP  SLOC/UCP 

 Avg Median Low High FP to UCP 

Multiplier 

Avg Median Low High 

ABAP (SAP)  28 18 16 60 1.19 33 21 19 71 

ASP* 51 54 15 69 1.19 61 64 18 82 

Assembler * 119 98 25 320 1.19 142 117 30 381 

Brio + 14 14 13 16 1.19 17 17 15 19 

C * 97 99 39 333 1.19 115 118 46 396 

C++ * 50 53 25 80 1.19 60 63 30 95 

	 Variable 

name 
 

Type 

Values 

(or levels) 
 

Definition 

Classification variables 

L A N G  Nominal 90 A pp lica tion program m ing  language 

A P P  Nominal 8 A pp lica tion type (custom er serv ice , M IS , and so  on) 

H A R  Nominal 5 H ardw are  p la tfo rm  (m a infram e, P C , and so on ) 

IF C  Nominal 2 U ser in te rface (graphica l, character) 

A C Q  Nominal 5 D evelopm ent m ode l (w aterfa ll, and so  on) 

D B A  Nominal 5 D B M S  arch itectu re  (h ie ra rch ica l, and so  on) 

C D B Nominal 3 D atabase  centra liza tion (in  c lient, se rver, com b ined) 

C S W  Nominal 3 S oftw are cen tra liza tion (in  c lient, se rver, com bined) 

D B T 1  Nominal 22 D B M S  to o ls  (D b /2 , Id m s , D I/1 , In g re s , a n d  s o  o n ) 

C A S 1  Nominal 8 C A S E  too ls (lew /adw , founda tion, and so  on) 

O P E Nominal 17 O perating system  (D O S , U n ix , V M S , and so on ) 

C O M P A N Y  Nominal 26 C om pany w here  p ro ject w as developed 

S E C TO R  Nominal 5 C ustom er’s  business secto r: banking , insurance, m anufacturing, re ta il, pub lic  adm in is tra tion 

   Quantitative project data 

E FFO R T Ratio  E ffo rt fro m  s p e c ific a tio n  to  d e live ry  in  h o u rs  

D U R  Ratio  D u ra tio n  o f p ro je c t in  m o n th s  

INP Ratio  S u m  o f in p u ts  

INQ Ratio  S u m  o f in q u ir ie s  

O U T Ratio  S u m  o f o u tp u ts  

INT Ratio  S um  of in terfaces 

FIL Ratio  S u m  o f e n tit ie s  

L A S  Ratio  S u m  o f a lg o r ith m s  

S U M F X N  Ratio  U nw eighted  E xperience 2.0  function  po in ts 

W S U M F X N  Ratio  W eigh ted E xperience  2 .0  function po in ts 

Y S T A R T  Interval 1978–1994 S ta rt y e a r o f p ro je c t 

N M E T  Ratio 0–9 N um ber o f d iffe rent m ethods used 

N L A N  Ratio 1–4 N um ber o f d iffe rent languages used 

   Productivity factors6  (1: very low, 5: very high) 

P01 Ordinal 1–5 C ustom er partic ipation 

P02 Ordinal 1–5 D evelopm ent environm ent adequacy 

P03 Ordinal 1–5 S taff ava ilab ility 

P04 Ordinal 1–5 Standards use 

P05 Ordinal 1–5 M ethods use 

P06 Ordinal 1–5 Tools use 

P07 Ordinal 1–5 S oftw are ’s  log ica l com plexity 

P08 Ordinal 1–5 R equirem ents vo la tility 

P09 Ordinal 1–5 Q uality  requ irem ents 

P10 Ordinal 1–5 E ffic iency requ irem ents 

P11 Ordinal 1–5 Insta lla tion requ irem ents 

P12 Ordinal 1–5 S taff’s  ana lysis  sk ills 

P13 Ordinal 1–5 S taff’s  app lica tion  know ledge 

P14 Ordinal 1–5 S ta ff’s  to o l sk ills  

P15 Ordinal 1–5 S taff’s  team  skills 
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Language SLOC/FP  SLOC/UCP 

 Avg Median Low High FP to UCP 

Multiplier 

Avg Median Low High 

C# * 54 59 29 70 1.19 64 70 35 83 

COBOL * 61 55 23 297 1.19 73 65 27 353 

Cognos 

Impromptu 

Scripts + 

47 42 30 100 1.19 56 50 36 119 

Cross System 

Products (CSP) 

+ 

20 18 10 38 1.19 24 21 12 45 

Cool:Gen/IEF 

* 

32 24 10 82 1.19 38 29 12 98 

Datastage 71 65 31 157 1.19 84 77 37 187 

Excel * 209 191 131 315 1.19 249 227 156 375 

Focus * 43 45 45 45 1.19 51 54 54 54 

FoxPro 36 35 34 38 1.19 43 42 40 45 

HTML * 34 40 14 48 1.19 40 48 17 57 

J2EE * 46 49 15 67 1.19 55 58 18 80 

Java * 53 53 14 134 1.19 63 63 17 159 

JavaScript * 47 53 31 63 1.19 56 63 37 75 

JCL * 62 48 25 221 1.19 74 57 30 263 

LINC II 29 30 22 38 1.19 35 36 26 45 

Lotus Notes * 23 21 19 40 1.19 27 25 23 48 

Natural * 40 34 34 53 1.19 48 40 40 63 

.NET * 57 60 53 60 1.19 68 71 63 71 

Oracle * 37 40 17 60 1.19 44 48 20 71 

PACBASE * 35 32 22 60 1.19 42 38 26 71 

Perl * 24 15 15 60 1.19 29 18 18 71 

PL/THE 

AUTHOR * 

64 80 16 80 1.19 76 95 19 95 

PL/SQL * 37 35 13 60 1.19 44 42 15 71 

PowerBuilder 

* 

26 28 7 40 1.19 31 33 8 48 

REXX * 77 80 50 80 1.19 92 95 60 95 

Sabretalk * 70 66 45 109 1.19 83 79 54 130 

SAS * 38 37 22 55 1.19 45 44 26 65 

Siebel * 59 60 51 60 1.19 70 71 61 71 

SLOGAN * 75 75 74 75 1.19 89 89 88 89 
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Language SLOC/FP  SLOC/UCP 

 Avg Median Low High FP to UCP 

Multiplier 

Avg Median Low High 

SQL * 21 21 13 37 1.19 25 25 15 44 

VB.NET * 52 60 26 60 1.19 62 71 31 71 

Visual Basic * 42 44 20 60 1.19 50 52 24 71 

 

 


	Abstract
	Table of Contents
	List of Figures
	List of Tables
	List of Equations
	Chapter 1 - Introduction
	1.1 Overview
	1.2 Research Questions and Hypothesis
	1.3 Significance
	1.4 Scope and Limitations
	1.5 Structure of the Document

	Chapter 2 - Literature Review
	2.1 Software Effort and Cost Estimation
	2.2 The Use Case Point (UCP) Method
	2.3 Productivity Factor
	2.4 Assessing Software Complexity
	2.5 Measuring Estimation Accuracy and Model Effectiveness

	Chapter 3 - Methodology
	3.1 Methodology Overview
	3.2 Select Model Dataset
	3.3 Correlation, Regression, and Optimization

	Chapter 4 – Research Results
	4.1 Evaluation Dataset
	4.2 Application of AFM
	4.3 Test Results

	Chapter 5 – Conclusion and Recommendations
	5.1 Impact of the Research
	5.2 Integrity of Research
	5.3 Recommendations

	Bibliography
	Appendix

