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Background

e Cost Estimation of Software Projects
— Necessary
— Hard



Prediction Assistance for Project
M anagement

1998-2000

Swedish National Board for Industrial and
Technical Development — NUTEK

Project Software Sweden AB
IBM Sweden AB
Ericsson Telecom AB



Goals of the project

Develop prediction models for project
planning and monitoring based on |ocal
measurement data, and to implement them
IN a project management tool set.
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Algorithmic Models
- General Form

Effort = a>8P+c

the size of the project
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Performance of Algorithmic
Models according to [Kemerer87]

e Slim »771% estimation error

« COCOMO »600% estimation error
Function Points »100% estimation error
Estimacs »85% estimation error



Case-Based Reasoning
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Predictor - Why

* Methods developed using local data should
be better than methods devel oped from
some other organisations data



Predictor - Functionality

* Measurement database

o Estimation techniques
— Expert judgement
— Local agorithmic models
— Case-based reasoning

» EXxperience database



Predictor - Intended Users

o Software project managers

e Other
— Managersin general
— Developers
— Customers
— Process improvement



Predictor - User Interface
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R[edictor - User Interface
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Predictor - Algorithmic Modéls

Effort = a>8P+c

Effort =a,+a,V,°+...+a V bn



Predictor - CBR
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Estimation Accuracy

 Mean Relative Error (MRE)

— The mean of the estimation error normalized
for size. Should be as small as possible.

* Pred(25)

— The percentage of the estimations that fall
within 25% of the actual value. Should be as
large as possible.



CBR Control Parameters

e Atwhat level should the smilarity
threshold be set?

* |sthere an adaptation function that we could
use to iImprove the CBR predictions?



Similarity threshold vs. the
number of predictions made
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Similarity threshold vs. MRE
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Similarity threshold vs. Pred(25)

Pred(25)
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Threshold vs. MRE for the

MRE

Albrecht dataset
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Threshold vs. Pred(25) for the

Pred25

Albrecht dataset
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Predictor - Current Status

e v1.0 avallable
e 250+ downloads
o 77USErs



Future Work

o Studying specific aspects of It
— Attributes
— Settings
— Functionality



More |nformation

* Predictor - aPrediction Support Tool

o http://www.dsv.su.se/~henrikbe/Predictor
— Program
— Manua



