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Why Does Software Cost So Much? Towards a Causal Model

Problem
• DoD leadership continues to ask “Why 

does software cost so much?” 
• DoD program offices need to know where 

to intervene to control software costs

Solution
• An actionable, full causal model of 

software cost factors immediately useful 
to DoD programs and contract negotiators 

Actionable intelligence
• Enhance program control of software cost 

throughout the development and 
sustainment lifecycles

• Inform “could/should cost” analysis and 
price negotiations

• Improve contract incentives for software 
intensive programs

• Increase competition using effective criteria 
related to software cost
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SEI’s Continuing Focus on Improving Cost Estimation

20122011 2013 2014 2015 2018 - 2020

2012-13: F-22: SEI-led  
“should cost” analysis of 
software modernization

2013-14:Investment model 
for software sustainment

2014-15 NAVAIR 
adoption of investment 
model for sustainment

2011-2016: QUELCE reducing uncertainty in early lifecycle software cost estimation
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2014: QUELCE workshop 
with JSpOC Space Program

Future Activity:

2016

FY18-20:  An 
Integrated 

Causal Model 
for Software 

Cost 
Prediction 

and Control 
(SCoPe)

Causal 
Sensitivity 
Dashboard 
Prototype

Service & 
DoD Cost 
Centers; 

NAVAIR and 
USAF Logistic 

Sites

2017

2016-17:Why Does SW
Cost So Much? Causality

2016-17 SRDR 
Factbook published

The SEI has a long 
track record of cost 
related research.

Exploit causal 
modeling on 
observational data.

2018-20
Investigating 
the 
Feasibility of 
An 
Integrated 
Causal 
Model for 
Software 
Cost Control 
(SCOPE)
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Why Do We Care About Causal Modeling?

Establishing causation with observational data remains a vital need and 
a key technical challenge, but is becoming more feasible and practical.

Controlling costs requires knowing which “independent 
factors” actually cause cost outcomes, so that we may 
change cost in a predictable manner.

Just as correlation may be fooled by spurious 
association, so can regression

We must move beyond correlation to 
causation, if we want to make use of 
cause and effect relationships

We can now evaluate causation 
without expensive and difficult 
experiments
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Causal Learning Summary
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Attribution

A portion of the presentation that follows was adapted from 
“AN INTRODUCTION TO CAUSAL MODELING AND DISCOVERY
USING GRAPHICAL MODELS” by David Danks, Head of 
Philosophy Department at CMU.
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Correlation doesn’t inform us about causes

How do cancer cells differ from 
non-cancerous cells?

If we just want to predict which cells are 
cancerous, then correlations are sufficient.

If we want to change cancerous cells into non-cancerous ones (or at 
least, not dangerously cancerous), then we need causal knowledge.
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TETRAD – An Open Source Tool for Causal Learning
Carnegie Mellon University
http://www.phil.cmu.edu/tetrad/
University of Pittsburgh
http://www.ccd.pitt.edu/

For video tutorials from 2016 summer short course:
http://www.ccd.pitt.edu/training/presentation-videos/
CMU OLI - Causal and Statistical Reasoning
http://oli.cmu.edu/courses/future/causal-statistical-reasoning/

Structural Equation Models (1930’s)
Sewall Wright Path Models (1920’s)

Social Science Path Models (1960’s)
Bayesian Networks (1980’s)

Pearl’s Probabilistic Reasoning (1988)
Pearl’s 1st ed. book on Causality (2000)

Glymour & Spirtes et al 1st ed. book on Causality (1988)

Glymour & Spirtes et al 2nd Edition 
Book on Causality (2001)

20102005200019951990198519801930

Causal Learning has become practical

Pearl’s 2nd Edition Book 
on Causality (2009)

Peters Elements of 
Causal Inference (2017)

Morgan Counterfactuals & 
Causality (2014)

Morgan Counterfactuals & 
Causality (2007)
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Causation vs. correlation

Correlation ➛ things tend to go together (or in opposite directions)

• Learning about one is informative about other

Causation ➛ changing one (from the outside) tends to change the other

• Manipulation of one leads (probabilistically) to variation in the other
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More about Misinterpreting Correlation!

Shark 
Attacks

Ice 
Cream 
Sales

Hot 
Temperature

Does high 
correlation imply 

causation?

Often, an 
excluded 

common cause 
results in a 

misinterpretation 
of correlation! 

So…to prevent 
shark attacks, we 
should limit the 
number of ice 
cream cones 
sold, right? 
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Causation vs. correlation

Statistics slogan: Causation ≠ Correlation

Credit: https://xkcd.com/552/

Better slogan: “Correlation doesn’t cause causation, but is correlated with 
causation.”

Prof. David Danks’ summary: “Correlation is a noisy indicator of causation.”

Presented at the 2018 ICEAA Professional Development & Training Workshop - www.iceaaonline.com
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What is causation?

Adopt a pragmatic interpretation of causal claims:
“X causes Y” implies: 

• If X’s value is changed by outside intervention, then Y’s value will 
(probabilistically) change

• If Y’s value is changed by outside intervention, then there will be no 
change in X (because of Y) 

Presented at the 2018 ICEAA Professional Development & Training Workshop - www.iceaaonline.com
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Different uses for each:

Correlation Causation
Classifying & identifying Influencing & acting
Informational value of different 
evidence

Using evidence to guide policy 
or actions

Prediction & reasoning given 
observations

Prediction & reasoning given 
interventions

Probable explanations for some 
event or issue

Ways to produce or prevent an 
event or problem

Causation vs. correlationPresented at the 2018 ICEAA Professional Development & Training Workshop - www.iceaaonline.com
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The Causal Learning Landscape

Causal Discovery
using CMU Tetrad

which implements a 
variety of algorithms 

Formulate Hypotheses
using domain 

knowledge and prior 
scholarly publication

Prior Knowledge

& Observational 
Data

Estimated SEM Model

F

D
C

A

Y

-2.75

+3.19
+1.0
2

+6.51

Causal Directed Acyclic 
Graph Model

F

D
C

A

Y
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Causal Discovery (aka, Causal Search): Framework

Causal graphical models
Graph ➛ qualitative (direct) causation
• Directed Acyclic Graph (DAG) over variables

- There can be one or more DAGs that equally explain a dataset
- Each will provide a unique causal structure for the data

• Many variations (time-indexing, context variables, …)

Studying
Rest

Test Score
Knowledge

Presented at the 2018 ICEAA Professional Development & Training Workshop - www.iceaaonline.com
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Causal Discovery Algorithms -1

Multiple approaches to searching a dataset:
1. Constraint-based: determined from independences in the data
2. Score-based (Bayesian): determined from likelihood calculation 

of different DAGs given the data
3. Hybrid

Presented at the 2018 ICEAA Professional Development & Training Workshop - www.iceaaonline.com
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Causal Discovery Algorithms -2

X Y

X Y

Linear Gaussian Linear non-Gaussian
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Where to Learn More

Pearl, J., Glymour, M., Jewell, N.P. “Causal Inference in Statistics – A Primer.” John 
Wiley & Sons, 2016. 
Spirtes, P. “Introduction to causal inference.” Journal of Machine Learning Research 11, 
2010, p. 1643-1662. http://jmlr.org/papers/volume11/spirtes10a/spirtes10a.pdf
The Tetrad Project. http://www.phil.cmu.edu/tetrad/
Peters, J., Janzing, D., Schölkopf, B. “Elements of Causal Inference: Foundations and 
Learning Algorithms.” Adaptive Computation and Machine Learning series, 2017.

See box on “Causal Learning Has Become Practical,” Slide 10.
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Case Studies Involving Discrete Data -1

Both case studies’ datasets consist of responses to multiple-choice survey items
• 42 complexity and project outcomes (Case Study 1)
• 27 team performance and outcomes (Case Study 2)

Both datasets were represented as discrete data types

Employed two different search algorithms to reduce risk of over-interpreting results
• PC-Stable, a constraint-based causal search algorithm
• FGES, a score-based causal search algorithm

Compared the search results from different searches, looking for commonality.

Presented at the 2018 ICEAA Professional Development & Training Workshop - www.iceaaonline.com
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Case Studies Involving Discrete Data -2

PC Stable, constraint-based search algorithm
• Variant of PC, the most widely used algorithm
• Resulting search graph does not depend on the order of the variables
• Parameters to tune:

- Independence Test type: Chi Square Test, but be wary when some expected values are < 5 
- Alpha: cutoff for p-values in independence testing; for small datasets, choose higher Alpha
- Collider discovery and conflicts: Max-P and Orient bidirected are specified, respectively
- Maximum size of conditioning set: when sample size is small, chose value in range 1..3

FGES (Fast Greedy Equivalent Search), score-based search algorithm
• Parameters to tune:

- Scoring method: Discrete BIC Score
- Penalty Discount: the default of 2; but can go down to 1.0 or even 0.5 for very small 

datasets

Presented at the 2018 ICEAA Professional Development & Training Workshop - www.iceaaonline.com
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Case Studies Involving Discrete Data -3

Tetrad is the tool used in both case studies to load datasets and run causal search 
algorithms.

• Tetrad was developed and is maintained by the Center for Causal Discovery (CCD) 
at Carnegie Mellon University and the University of Pittsburgh.

• More generally, the CCD develops and maintains diverse causal search and estimation 
algorithms, software, and tools, including the Tetrad program with its GUI, API, and 
other interfaces.

• See the slide “Causal Learning has become practical” for where to find more 
information about Tetrad.

Presented at the 2018 ICEAA Professional Development & Training Workshop - www.iceaaonline.com
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Case Study 1 - Complexity
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Case Study 1 (Complexity Drivers and Project Success) -1

Source: Sarah Sheard’s Ph.D. dissertation, 2012
Research question: what complexity factors, determinable early in life of a program, 
impact project outcomes such as cost overrun, late delivery, performance shortfall?
Dataset: survey covering complexity factors and project success

• 41 items on a 3-point or larger ordinal scale
• 1 item (Delivered) on a binary scale (yes/no)
• 7 items representing project outcomes:

- Delivered, EvolOp, GoodEst, Late, OverCost, PerfGap, Success

Presented at the 2018 ICEAA Professional Development & Training Workshop - www.iceaaonline.com
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Case Study 1 (Complexity Drivers and Project Success) -2

Original result: Three of the complexity variables strongly predicted all outcomes:

In the three slides that follow, we characterize Sarah’s approach, which is a correlation-
type study. These slides are then followed by our results, which focus on causation. 
Correlation allows prediction from changes within, but to predict effects of changes 
introduced from outside (i.e., “interventions”), understanding causation is necessary.

Req-Diff Difficult requirements are considered difficult to implement or 
engineer, are hard to  trace to source, and have a high degree of 
overlap with other requirements. How many system requirements 
were there that were Difficult? (1) 1-10 (2) 10-100 (3) 100-1000 (4) 
1000-10,000 (5) Over 10,000

CogFog “The project frequently found itself in a fog of conflicting data and 
cognitive overload”. Do you agree with this statement? (1) Strongly 
Agree (2) Agree (3) Neutral (4) Disagree (5) Strongly Disagree

StakeRelnship Where did your project fit in the following eight attributes, on a scale 
of (1)Traditional, (2)Transitional, or (3)Messy Frontier? 
[Translating for] Stakeholder relationships: (1)Relationships stable 
(2)New relationships (3)Resistance to changing relationships

Presented at the 2018 ICEAA Professional Development & Training Workshop - www.iceaaonline.com
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Case Study 1 (Complexity Drivers and Project Success) -3

In Sarah’s dissertation, the goal was to 
find factors that could be measured at 
the beginning or middle of a program 
that would indicate the need to take 
corrective action. This is a correlation-
type study.

• At right, we see how the variables 
might be organized according to when 
they might be available to be 
measured in a program.

• Tier 1 represents program beginning.
• Tier 5 represents program outcomes.

Next two slides further characterize 
Sarah’s approach.

Presented at the 2018 ICEAA Professional Development & Training Workshop - www.iceaaonline.com
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Case Study 1 (Complexity Drivers and Project Success) -4

(Sheard, 2012)
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Case Study 1 (Complexity Drivers and Project Success) -5

The figure at right is a 
speculative attempt at a 
causal graph informed by the 
results of the correlation 
analysis on previous slide.
Such correlations support 
prediction within a stationary 
causal system with no 
interventions from outside.
But predicting results of an 
intervention from outside 
the causal system—our goal—
requires an understanding 
of causation.

(Sheard, 2012)
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Case Study 1 (Complexity Drivers and Project Success) -6
PC-Stable and FGES 
algorithms were applied to 
both the Aerospace/Defense 
projects (61 in number) and 
the full dataset (81 projects). 
Here is an example search 
result from applying PC-Stable 
(Alpha=.10) to the full dataset.
Outcome (Tier 5) variables are 
highlighted in yellow.
Note CogFog relationships.
Variables without causal 
relationships were moved to 
the very top to help highlight 
direct causal relationships.
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Case Study 1 (Complexity Drivers and Project Success) -7

Regarding the three predictors identified in (Sheard, 2012), we would interpret the causal 
search result presented on the previous slide as saying that there is evidence that:

• NumDecMkr directly causes CogFog, which directly causes PerfGap, which directly 
causes (or is caused by) Success. 
- Note that the last two of these are project outcomes.

• The three stakeholder variables (StakeConflict, StakeRelnship, StakeInvolve) relate 
to each other and cause program needs to change
- But there is no evidence for a causal path from stakeholder variables to any project outcome.

• There is also no evidence of a causal path from the number of difficult requirements 
(Req-Diff) to any project outcome.

We can further express the causal roles for NumDecMkr and CogFog in terms of text and 
Markov blankets. See next slide.

Presented at the 2018 ICEAA Professional Development & Training Workshop - www.iceaaonline.com
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Case Study 1 (Complexity Drivers and Project Success) -8

On this slide we show two Markov blankets: (1) for all project outcomes; (2) for CogFog.
A Markov blanket is a node, its parents, its children, and its children’s parents. The 
Markov blanket of a node is the only knowledge needed to predict the behavior of that 
node. (Wikipedia)

So according to the previous search graph (MEC):
• The only knowledge that will help predict project outcomes is amount of cognitive fog.
• The only knowledge that will help predict cognitive fog is number of decision makers.

Presented at the 2018 ICEAA Professional Development & Training Workshop - www.iceaaonline.com
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Case Study 1 (Complexity Drivers and Project Success) -9

Tetrad also provides a graph intersection function that summarizes results of multiple 
searches. On this and the next slide, we show the output of graph intersection applied to our 
four search results. This slide how frequently specific adjacencies appeared in the four 
search results. (The order of either the rows or the variables in a row is not significant):
In 4 graphs:

1. CapDesired --- SysBehStable

2. LifeCost --- AnnCost

3. StakeRelnship ---
StakeInvolve

In 3 graphs...

1. Delivered --- EvolOp*

2. Late --- OverCost

In 2 graphs...

1. PerfGap --- CogFog

2. PerfGap --- Success

3. Req-Diff --- Req-Nom

4. Req-Nom --- Req-Easy

5. StakeRelnship --- StakeConflict

6. Success --- Delivered

In 1 graph...

1. CogFog --- NumDecMkr

2. NeedsChanged --- StakeConflict

3. Scope --- AcqEnv

4. StakeConflict --- SysBehStable

5. StakeInvolve --- StakeConflict

6. TechCSReqConflict ---
TechReqConflict

*EvolOp = How much did system evolve during its operational lifetime? ((1) Never in operation, (2) Shut down shortly installation, (3) 
Completed intended operational lifetime as delivered, (4) Changed during its operational lifetime (5) Evolved into a different system.
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Case Study 1 (Complexity Drivers and Project Success) -10

Whereas the previous slide showed how frequently specific adjacencies appeared in the 
four search results, this slide shows the frequency of specific edge orientations. 
Remember that the output of a causal search is a MEC and the only orientations are those 
that can be deduced from tiers or colliders. Because of the small sample size, all these lists 
are shorter than we might expect.

Uncontradicted in 4 graphs…

(none)

Uncontradicted in 3 graphs…

(none)

Uncontradicted in 2 graphs…

1. AnnCost --> LifeCost

2. SysBehStable --> CapDesired

Uncontradicted in 1 graph…

1. CogFog --> PerfGap

2. Success --> PerfGap

3. SysBehStable --> StakeConflict

Contradicted:

(none)
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Case Study 1 (Complexity Drivers and Project Success) -11

Summary of what we learned from this limited causal analysis:
• We have evidence for this causal path: NumDecMkr CogFog PerfGap
• Early in a program, if we predict a low likelihood of meeting project outcomes, one thing 

we could do is intervene to reduce/streamline the number of decision makers.
- This in turn should help reduce the amount of cognitive fog, which should help reduce the 

performance gap (specified mission-critical features vs. what was actually achieved) and 
possibly improve project success.

• However, from our causal analyses, we found no evidence that taking action to:
- improve stakeholder relationships
- reduce the number of difficult requirements
would improve project outcomes.
- These factors correlate with outcomes (Sheard, 2012), but there’s no evidence of causality

These negative results may be simply due to having a relatively small sample.
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Case Study 2 – Team Dynamics
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Case Study 2 (Team Dynamics and Project Success) -1

Source: SEI Client, 2014
Research question: what team dynamics factors drive software project success?
Dataset: weekly surveys issued randomly to 30 software staff

• 33 items on a binary scale (Yes / No) representing independent team variables
- The subset of the 120+ team factors identified by Watts Humphrey that reasonably could 

change on a weekly basis
• 3 items on a 4 point ordinal scale representing dependent project outcomes:

- Project Quality, Schedule and Cost 

Rationale for Binary Data:
• Staff were overworked; informal piloting indicated survey must not exceed 2-3 

minutes of response time
• Staff wanted to point and click with minimal scrolling
• We achieved 90% response rates
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Case Study 2 (Team Dynamics and Project Success) -2

Traditional correlation results: 
Correlation measures used included Kendall 
tau-b, Kendall tau-c, Gamma and 
Spearman’s.  All were in agreement using 
the 0.05 cutoff for significance (blue 
highlighted cells).

Ordinal logistic regression using 0.05 alpha 
for significance and McFadden pseudo 
Rsquare indicated significant factors (red 
borders).
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Case Study 2 (Complexity Drivers and Project Success) -3

The Tetrad knowledge box for this case study comprised a simple 3-tier approach with 
three exogenous factors in tier 1, three outcome factors in tier 3 and all remaining 
factors in tier 2.
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Case Study 2 (Team Dynamics and Project Success) -4

Here is an example 
search result from 
applying PC-Stable 
(Alpha=.05) and CC 
set to 2.
Outcomes of interest 
are highlighted in 
yellow.
We will now look at 
the Markov blankets 
for the outcomes in 
the next slides using 
two different search 
algorithms.
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Case Study 2 (Team Dynamics and Project Success) -5
On this slide we show two Markov blankets for the set of three outcomes: 
1) using PC-Stable,  and                                 2) using FGES.

Although the two algorithms differ on the directed edges among the three outcomes, there 
is agreement on GoodImproveData causing QualityOutcome.  PC-Stable adds 
StressOvertime as a cause of CostOutcome.
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Case Study 2 (Team Dynamics and Project Success) -6
On this slide we show two Markov blankets for the “QualitySuffer” outcome: 
1) using PC-Stable, and 2) using FGES.

We see basic agreement on the six factors
participating in the Markov blanket except for
LackConsensusImpacts and IndivUnhappyTasks
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Case Study 2 (Team Dynamics and Project Success) -7

Although traditional statistical correlation depicted:
• 18 factors highly correlated with Quality [2 confirmed with Logistic Regression]
• 5 factors highly correlated with Cost, and
• 21 factors highly correlated with Schedule,
the causal search discovered:
• 1 factor (GoodImproveData) appears to cause Quality performance,
• 1 factor (StressOvertime) appears to cause Cost performance, and 
• No independent factors appear to cause Schedule performance.
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Case Study 2 (Team Dynamics and Project Success) -8

Summary of what we learned from this limited causal analysis:
Two causal search/discovery algorithms generally agreed with causal results of the 
outcomes of interest
We would want to run more analyses before making final conclusions:

1. Run more search algorithms for agreement or lack thereof of adjacencies and 
orientations

2. Conduct more sensitivity analysis on input parameters to the algorithms including 
the alpha value and the maximum conditioning set size

3. Gain value in the analysis of not just discovered causal influences but also absence 
of causal influences between factors!
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Concluding Remarks
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Reflections from a year of causal learning

Work cycle is similar to that for machine/deep learning:
• Pose/revise research questions

- Ensure there are variables representing the outcomes of interest
• Obtain, review, prepare, and analyze dataset

- May require some feature engineering
• Learn more about the algorithms to guide in selection and interpretation

- What assumptions are made and are they met by the dataset?
• Identically and independently distributed (i.i.d.) data? Censored data? Missing data?
• Latent confounders? Distributional assumptions?

• Revise approach and repeat previous three steps, et cetera.
What has helped:

• Patient and curious coworkers: Bill Nichols and Dave Zubrow (SEI); Anandi Hira (USC)
• Expert assistance: David Danks, Kun Zhang, Madelyn Glymour, Joe Ramsey (CMU)
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Bottom Line and Future Vision

Causal knowledge is critical for certain types of predictions/decisions
• Causal models provide better actionable intelligence than models based on correlation

The time is right for applying causal learning to software engineering data
• Causal learning has come of age from both a theoretical and tooling standpoint

- Algorithms for different types of conditions, background knowledge, desired certainty, etc.
• Can be applied to observational data
• Can focus attention on where experimentation would provide most benefit

May lead to ways to improve prediction and control of software programs
• Identifying practices, methods, training, and tools that improve how software is built

Our research provides a rare opportunity
• Bring a diverse community of DoD programs, contractors, and cost estimation 

researchers together in a joint effort to improve understanding of software costs
• Working with world-class causal learning researchers
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