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Background

Elicitationis tough
1. Dynamic representations
2. Cannot be analyzed using one-off outcomes

Partial Least Squares Regression

Combines the relative
niportance of each attributeto
the decision &

Elicitation methods are
subjective, introspective or obtrusive

behavioral features
that strongly correlate with
used attributes

Certain elicitation methods could alter mental

models
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Research Questions

Test for Mental Model Elicitation

1. Can we observe the dynamic development of humans’ mental
model of the task using process tracing in a complex geospatial
environment?

Test for Stability and Predictability

2. Do mental model components stabilize with task progression? If
yes, does this trend render predictability to human behavior as task
familiarity increases?
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Experimental Interface

CEC CDM Experiment
Task 3 of 30

Data sources Tools
Decision Surface Staging site marker

Drag the marker your desired
location.

Population

SocioEco Status
No-go zones
Power Outages Better
Flooding

Clear

; Dynamic Attributes

% All data sources are equally weighted

*» Optimal spot for resource is unique 0

% Feedback in the form of % score is provided Gr Georgia
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Experimental Flow

Experiment Design

Task Break-
down

'

Instructions

7
0

Post Expeniment
Questionnaire

< Prior work [2] explored how participants' information access behavior could be

classified into decision strategies across 10 time-steps

% Decision strategies showed trends of similarity with time

Behavioral
| Data

Output to Experimenter

Click Count per
Attribute
Elapsed Time per
Attribute

[2] Walsh, S. E., & Feigh, K. M. (2022). Understanding human decision processes: inferring decision strategies
from behavioral data. Journal of cognitive engineering and decision making, 16(4), 301-325.
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Metrics

LD(‘PD’,‘SD’) = 1

LD(‘SPF’, ‘SDFN’) = 2
s Performance = %UtChoice

< Similarity between strategies - Levenshtein Distances (LD)
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LD(S2, S26)
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< Window size of 5 yielded optimal fit (R?) and maximum .
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Results
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Mental Model Elicitation

%+ Majority participants used 3 attributes followed by

Distribution of Information Attributes in Decision Strategies

2 attributes to inform their decisions - 76%| ser S: Storm
i P: Power
) ) ) 400 L le::i P:: Fli)od
% Only 3% of all strategies were ‘Take-the-Best § = fh?lt )
é 350 | N No-Go
< None with an equal weighting scheme S 300
:O 250 - o SPFE
% There were 7 instances of participants % 90| Take-the-best | P iy
acting arbitrarily i.e., having no strategy 2 . l il PR
= y Equal
< Power, Population Density, and Socio-Economic | | soan Weighting
Status were most popular 50 P =
0 1
& \ Y > 5 5 N
Tak : Most users are imperfect decision makers, and ¢
akeaway. . ostu P . .. N Number of Information Attributes in Decision Strategies
they are neither completely heuristic nor analytic in their
decision-making styles 9
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Performance and Strategy Stability

Performance distribution
High performers (M = 87.3,SD = 6.8)
Mid performers (M = 76.2,SD = 8.2)
Low performers (M = 65.2,SD = 10.1)

Levenshtein Distances between each strategy with the
final strategy

Convergence towards final strategy is observed

among all participant groups

Significant positive correlation exists between change
in strategy and performance among high performers

Weak correlation among the lowest performers
High performers adapt then settle > "reward seekers”

Low performers settle early - "risk averse"

Takeaway: Stability of decision strategiesis closely tied to

task performance and competency
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Predictability of Decision Strategies

. - . . . . ] I ] LD{S1, 82)
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X Proportlo.n of part|0|pants with LD = 0 and 1 goes up - —— o
monotonically over time [ 4-Attribute change
70
% No significant correlation with performance variation Z 607
between consecutive timesteps £ sof
o
e . S 40f
% Lesser variations in strategies regardless of = ol
performance improvement
20
% Decision strategies are predictable over time across all 10}
participant groups 0
1-2 2-3 34 45 5-6
Comparison Windows 11

Takeaway: With progression of tasks, decision strategies

became more predictable
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Conclusions

Heuristics and cognitive shortcuts are used throughout
tasks

Stability (Convergence) of decision strategies

varies with task competency

Predictability increases with task familiarity

12

= COGNITIVE \L]” | J Georgla

( ENGINEERING ==l Tech
e’ CENTER




e

References

Akarachantachote, N., Chadcham, S., & Saithanu, K. (2014, 07). Cutoff threshold of variable importance in projection for variable selection. International
Journal of Pure and Applied Mathematics, 94, 307-322.doi: 10.12732/ijpam.v94i3.2

Barr, P. S., Stimpert, J. L., & Huff, A. S. (1992). Cognitive change, strategic action, and organizational renewal. Strategic management journal, 13(S1), 15—
36. doi: 10.1002/smj.4250131004

Broek, K. L. (2018). llluminating divergence in perceptions in natural resource management: A case for the investigation of the heterogeneity in mental
models. Journal of Dynamic Decision Making, 4, 2-2. doi: 10.11588/jddm.2018.1.51316
Carley, K. M., & Palmquist, M. (1992). Extracting, representing, and analyzing mental models. Social Forces, 70, 601-636. doi: 10.2307/2579746

Converse, S., Cannon-Bowers, J., & Salas, E. (1993). Shared mental models in expert team decision making. Individual and group decision making: Current
issues, 221,221-46

Cooke, N. J., & Rowe, A. L. (1994). Evaluating mental model elicitation methods. Proceedings of the Human Factors and Ergonomics Society Annual
Meeting, 38(4), 261-265. doi: 10.1177/154193129403800416

Gary, M. S., & Wood, R. E. (2011). Mental models, decision rules, and performance heterogeneity. Strategic management journal, 32(6), 569—594. doi:
10.1002/sm;j.899

Gigerenzer, G., & Gaissmaier, W. (2011). Heuristic decision making. Annual review of psychology, 62, 451-482. doi: 10.1146/annurev-psych-120709-145346

Goldberg, M., Gustafson, A., & van der Linden, S. (2020, 09). Leveraging social science to generate lasting engagement with climate change solutions. One
Earth, 3,314-324. doi: 10.1016/j.0neear.2020.08.01

Hammond, K. R. (1993). Naturalistic decision making from a brunswikian viewpoint: Its past, present, future. , 205-227

Harper, S., & Dorton, S. (2019). A context-driven framework for selecting mental model elicitation methods. Proceedings of the Human Factors and
Ergonomics Society Annual Meeting, 63(1), 367-371. doi:10.1177/1071181319631422

Johnson-Laird, & Nicholas, P. (1983). Mental models: Towards a cognitive science of language, inference, and consciousness (No. 6). Harvard University
Press. doi: 10.1109/ACCESS.2023.3245055

13

P |
COGNITIVE @ |
ENGINEERING o |

CENTER

Georgia
Tech



e

References

Jones, N., Ross, H., Lynam, T., & Perez, P. (2014, 02). Eliciting mental models: a comparison of interview procedures in the context of naturalresource
management. ECOLOGY AND SOCIETY, 19, 13. doi:10.5751/ES-06248-190113

Klimoski, R. J.,& Mohammed, S. (1994). Team mental model: Construct or metaphor? Journalof Management, 20, 403 - 437. doi: 10.1016/0149-
2063(94)90021-3

Levenshtein, V. I. (1965). Binary codes capable of correcting deletions, insertions, and reversals. Soviet physics. Doklady, 10, 707-710
Morecroft, J. D. W. (1983). System dynamics: Portraying bounded rationality. Omega, 11(2), 131-142. doi: 10.1016/0305-0483(83)90002-6

Osborne, J. D., Stubbart, C. 1., & Ramaprasad, A. (2001). Strategic groups and competitive enactment: A study of dynamic relationships between mental models
and performance. Strategic Management Journal, 22(5),435-454. doi:10.1002/sm;j.166

Rouse, W. B., & Morris, N. M. (1986). On looking into the black box:Prospects and limits in the search for mental models. Psychological Bulletin, 100, 349-363.
doi:0.1037/0033-2909.100.3.349

Scheutz, M., DeLoach, S. A., & Adams, J. A. (2017). A framework for developing and using shared mental models in human-agent teams. Journal of Cognitive
Engineering and Decision Making, 11,203-224. doi:10.1177/1555343416682891

Simon, H. A. (1991). Bounded rationality and organizationallearning. Organization science, 2(1), 125-134. doi: 10.1287/orsc.2.1.125

Tomlin, D. (2021). Consensus decision-making: performance of heuristics and mental models. Evolution and Human Behavior, 42(4), 316-330.
doi:10.1016/j.evolhumbehav.2020.12.004

Walsh, S. E., & Feigh, K. M. (2021). Differentiating ‘human in the loop’ decision process. 2021 IEEE International Conference on Systems, Man, and Cybernetics
(SMC), 3129-3133.d0i:10.1109/SMC52423.2021.9658802

Walsh, S. E., & Feigh, K. M. (2022a). Consideration of strategy-specific adaptive decision support. 2022 IEEE 3rd International Conference on Human-Machine
Systems (ICHMS), 1-6. doi:10.1109/ICHMS56717.2022.9980786

Walsh, S. E., & Feigh, K. M. (2022b). Understanding human decision processes: Inferring decision strategies from behavioral data. Journal of Cognitive
Engineering and Decision Making, 16,301 - 325.doi:10.1177/15553434221122899

14

P |

COGNITIVE { K\ /” B
ENGINEERING
CENTER

= Georgia
Tech



Acknowledgements

. Georgia
Tech.

/2. COGNITIVE
- (C ENGINEERING
w’ CENTER




Slide deck

Georgia
Tech.




Partial Least Squares Regression
. Ga

Use behavior to classify decision strategies and predict decision
strategies/mental models of participants

« Analyze our experiment with behavior (time spent, mouse clicks) as
a function of decision choice for each resource (proxy for strategy)
to find which resources were weighted the most by participants

« Participants are grouped with those that weighted resources
similarly in order to classify and predict decisions
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Formal Definition

The general underlying model of multivariate PLS is

X=TP'+E
Y=UQ' + F

where X'is an n X m matrix of predictors, Y is an n X p matrix of responses; 7'and U/ are n X [ matrices that
are, respectively, projections of X (the X score, component or factor matrix) and projections of Y (the Y scores); P
and Q are, respectively, m X [ and p X [ orthogonal loading matrices; and matrices £ and /* are the error terms,
assumed to be independent and identically distributed random normal variables. The decompositions of X and Y
are made so as to maximise the covariance between 7 and U.
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Partial Least Squares Regression: Setup

Behavior is a function of your decision strategy (proxy of decision strategy is
decision choice)

Behavior Decision Choice

Utility on Power Map

Utility on Flood Map

Utility on Storm Map

Utility on Population Map
Utility on No-Go Zones Map
Utility on SES Map

% Time on Power

% Time on Flood

% Time on Storm

% Time on Population

% Time on No-Go Zones
% Time on SES

Total Time

# Clicks on Power

# Clicks on Flood

# Clicks on Storm

# Clicks on Population
# Clicks on No-Go Zones PLSR Output
# Clicks on SES 19
Total Clicks

[ v_enn |
1 Y_F(X)J

« Coefficients of each participant indicating

which resources are most likely to Geordia
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Combinations of Decision Strategies
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Scoring Policy

Decision Choice /Equal Weighting A Final Score Feedback to
«  Utility on Power Map . . .| participant
»  Utility on Flood Map " Linear Min-Max after each
» Wlityem Sterm izl Superposition Normalization submission
« Utility on Population Map Of Utilities
« Utility on No-Go Zones Map - / - /

Utility on SES Map
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