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User trust plays a key role in determining whether autonomous computer applications are relied upon. It will
play a key role in the acceptance of emerging AI applications such as optimisation. Two important factors
known to affect trust are system transparency, i.e. how well the user understands how the system works, and
system performance. However, in the case of optimisation it is difficult for the end-user to understand the
underlying algorithms or to judge the quality of the solution. Through two controlled user studies we explore
whether the user is better able to calibrate their trust in the system when: (a) they are provided feedback on
the system operation in the form of visualisation of intermediate solutions and their quality; (b) they can
interactively explore the solution space by modifying the solution returned by the system. We found that
showing intermediate solutions can lead to over-trust while interactive exploration leads to more accurately
calibrated trust.
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1 INTRODUCTION
Trust plays a critical role in determining user reliance on automated systems [30]. As a consequence
there has been considerable research into trust and the factors affecting it [30, 38, 61]. Too much
or too little trust are equally dangerous. For instance under-trust of the ship’s navigation system
by the captain may have led to the Costa Concordia running aground in 2012 while over-trust is
believed to have contributed to the crash of a Turkish Airlines flight in 1951 [30]. The Goldilock’s
trust dilemma is, therefore, how do we design computer applications that engender exactly the
right amount of trust, not too much, not too little.
Early research focussed on trust of real-time monitoring and control systems such as those

used for power-plant monitoring or flight monitoring and control, e.g. [53]. With the arrival
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of the internet the focus was on trust in on-line systems, e.g. [14] and most recently there has
been considerable interest in trust for emerging AI applications such as autonomous vehicles [28],
robots [60] or medical assistance devices [28] since it is clear that adoption of these new technologies
depends upon building appropriate trust [64].
One important but often overlooked field of AI is optimisation. In general, optimisation tech-

niques aim to find the best solution to a given problem by modelling it mathematically using
constraints (which dictate the valid solutions) and an objective function (which measures the quality
of the solution) and then using constrained optimisation techniques to find the solution. Mathemati-
cians and AI researchers have been developing faster and more powerful techniques for solving
constrained optimisation problems since the 1950s. As a result optimisation is now routinely used
in various application areas including transport and logistics, timetabling, production scheduling
and the design of modern energy systems. But there is considerable scope for more widespread
use of optimisation software, and a major factor limiting its use is a lack of trust in automated
optimisation systems [47].
Given this, it is surprising there has been virtually no empirical research into user trust of

optimisation systems. The main contribution of this paper is to address this significant gap through
two controlled studies investigating how feedback about solver progress and interactive manipula-
tion of the solution affect trust in optimisation systems. Hoff and Bashir identify three kinds of
factors affecting trust: dispositional, situational and learned trust [30]. We focus on learned trust
as this takes into account the user’s understanding and experience with the actual system. It is
therefore the only category affected by the system design and interface.

One important factor affecting learned trust is whether the user understands the algorithm being
used by the system and believes that it is capable of achieving their goals [38]. Unfortunately,
state-of-the-art optimisation software is very complex, often non-deterministic, and typically works
on an internal representation of the problem that is difficult even for an expert in optimisation to
understand. Thus, it is infeasible to present the detailed algorithm execution in terms of the actual
internal representation. However, we hypothesised that trust in the system would be increased by
providing high-level feedback on progress towards the final (near-)optimal solution in a way that
could be understood by the user.
We investigated this in our first study (Section 4). Participants were asked to rate their trust in

two solvers. Each solver was shown with or without feedback in the form of displaying interim
solutions and their associated objective values as the system proceeded toward the final solution.
Such feedback allows the user to see the range of solutions being considered and their relative quality
in terms of the objective function. We constructed the two solvers to produce solutions of different
quality; the good solver returned near-optimal solutions, and the poor solver returned solutions
30% worse than those of the good solver. As hypothesised, feedback led to significantly greater
trust in the poor solver (but not the good solver). Indeed we found that there was unwarranted
trust in the poor solver with feedback.
But the main factor affecting learned trust is the user’s evaluation of the system performance.

We wanted to allow the user to be able to evaluate the quality of the system’s performance in a
way that allows them to discriminate between various levels of performance [38]. Unfortunately,
it can be very difficult for the typical user to evaluate the quality of a solution produced by an
optimisation system for a real-world problem. Unless the solution has some obvious faults it is
very difficult to know if there is another solution that improves the objective. The problem is
that the solution space (or �tness landscape) is typically disjoint and/or the objective function is
non-continuous or non-convex. It is also not feasible to compute and display more than a fraction
of the solution space. A possible approach is to use a visual-analytics-based approach in which the
user can interactively explore and visualise the solution space around the solution returned by the
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Increasing User Trust in Optimisation through Feedback and Interaction 3

Fig. 1. High-level framework for understanding the factors that influence trust and reliance on autonomous
systems. It incorporates the three-layered trust framework of Ho� and Bashir [30] into the framework of Lee
and See [38].

system. Indeed some optimisation researchers have previously suggested (without experimental
evidence) that interaction leads to increased trust [47].

In our second study (Section 5) we investigated this. We examined whether allowing the user
to interactively manipulate the solution�either completely manually or with the help of a semi-
automatic re-solve capability�enables the user to more accurately assess the quality of the solver.
Our hypothesis was that interaction with the solver would lead to better assessment of solver
quality. This study used an additionalmediumsolver which returned solutions 15% worse than
those of a good solver. Each solver was shown in three conditions: no interactive manipulation
of solutions, manual interaction and interaction with re-solve. As hypothesised we found that
interaction led to signi�cantly better calibration of trust.

The two studies were conducted using a purpose-built optimisation tool for routing and sched-
uling of electrician service provision. The underlying problem is a variant of theVehicle Routing
Problem, a well-studied optimisation problem [66] that is known to be challenging in practice.
The system utilised a state-of-the-art optimisation solver and featured a carefully designed visual
representation of a problem instance and solution (Section 3).

Thetwo userstudieswe havepresentedarethe �rst we know of to explicitly explore in a con-
trolled setting the impactof the designof the optimisation systemon usertrust. As suchthey are
only a �rst stepandmoreexperimentation is required.Nonethelessour resultsdohaveimplications
for the designof optimisation systems.Theystrongly suggestthat optimisation systemsshould
allow the userto interactively manipulatesolutions returnedby the system.This allows the userto
better evaluatetheir quality andsocalibrateandbuild their trust in optimisation system.

Our resultsprovidenew insight into the factors affecting trust. Most interestingly, the results
suggestthat, for AI applications suchasoptimisation andmachinelearning (which utilisesoptimi-
sation) in which it is dif� cult for the userto evaluatesolution quality, userswill bebetter ableto
judgeandcalibratetheir trust if the tool allows themto interactively manipulatesolutions returned
by the systemsothat they canbetter evaluatetheir quality.

2 BACKGROUND

2.1 Trust in Automation

Over the past four decades there have been hundreds of papers written about trust in automation.
Parasuraman and Riley [53] pointed out that over-trust and under-trust are equally dangerous
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because they may cause misuse or disuse of automation systems. Dzindoletet al.[20] investigated
the link between trust and automation reliance and concluded that trust plays an important role
in decisions about automation reliance. It found that explaining the reasons when an automation
system makes mistakes resulted in increased trust and thereby increased automation reliance.
Herlockeret al.[29] also found that explanations can build trust and increase the acceptance of a
recommendation system. Recently, Abdulet al.[1] emphasised the need to build more transparent
intelligent systems to help users understand the behind-the-scenes decision making to gain trust.
Most recently, Royet al.[59] suggested that a well designed human-in-the-loop automation system
that allows manual recti�cation after automation may result in higher user satisfaction.

A number of researchers have suggested general frameworks for understanding trust. The
following review is based on Lee and See's in�uential theoretical framework [38] and the three-
layered trust framework of Ho� and Bashir [30]. Figure 1 shows the combined framework.

Lee and See [38] de�ne trust to bethe attitude that an agent, i.e. computer system, will help to
achieve a user's goals in a situation characterised by uncertainty and vulnerability.Trust is based
on the user's beliefs and their intentions and actions, such as degree of use andrelianceon the
system.Calibrationrefers to the correspondence between the system's capabilities and the level
of trust in the system:over-trustoccurs when trust exceeds the capabilities whiledistrustoccurs
when capabilities exceed the level of trust.

In Lee and See's framework, trust is based on information about the system as well as individual,
organisational and cultural context. They identi�edperformance, processandpurposeas the general
basis for trust.Performancerefers towhat the system does: its ability to achieve the user's goals. A
user will tend to trust a system if it has performed well in the past.Processrefers to how the system
operates: the degree to which the system's algorithms are appropriate for the situation. A user will
tend to trust a system if they understand its algorithms and believe they are appropriate to the
goals in the current situation.Purposerefers towhy the system was developed. A user will tend to
trust a system if it is being used within the realm of the designer's intent.

Ho� and Bashir [30] present a three-layered model of trust arranged around:dispositional, situa-
tional andlearned trust. Dispositional trust refers to a user's overall tendency to trust automation,
independent of context or the speci�c system. Factors include culture, age, gender and personality
type. Situational trust takes into account the context in which the system is used [13]. Factors
such as workload, di�culty of task and associated risk, as well as user self-con�dence, mood,
and expertise in the application domain a�ect both trust and reliance.Learned trustrefers to the
user's evaluation of the actual system. It depends upon the user's pre-existing knowledge and
system performance. They distinguish betweeninitial anddynamiclearned trust. Pre-existing
information, such as: system reputation; prior experience with similar automated systems; as well
as knowledge about the purpose and the algorithms being used, all a�ect initial trust. On the other
hand, numerous studies show that users adjust their trust based on the system's performance,
e.g. [5, 19]. As also discussed by Schaeferet al.[61], reliability, validity of result, predictability,
usefulness, dependability, and the kind and seriousness of errors are all important.

Both Lee and See and Ho� and Bashir discuss how perception of the system crucially depends
upon the design of the system and its user interface. Many studies have found that the content
and format of the interface a�ect credibility and trust, e.g. [8, 23, 35, 41]. Lee and See conclude
that trust tends to increase if the interface provides concrete details that are consistent and clearly
organised. Ho� and Bashir suggest that increasing saliency of automated feedback can increase
trust. Ease-of-use [25], level of control [68], and communication style also a�ect trust. They also
identify transparencyof automation as a factor a�ecting trust and recommend providing accurate,
useful feedback on the system's operation. Similarly, Lee and See recommend to:�show the process
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and algorithms of the automation by revealing intermediate results in a way that is comprehensible to
the operators.�

The above high-level framework is based on user-studies of trust in a number of di�erent
application domains. Early research focussed on trust of real-time monitoring and control sys-
tems [37, 48, 50, 53]. With the arrival of the internet the focus was on trust in on-line systems.
Corritore et al.[14] describe a model for online trust based on perception of website risk, credibility
and ease of use. Other researchers have investigated models of trust for online shopping [25, 39],
cyberdomains [31], recommendation systems [15, 27], adaptive agent systems [27], and informa-
tion security classi�cation [55]. More recently, AI applications such as autonomous vehicles [28],
robots [60], medical assistance devices [28] and machine learning [34, 58] have received attention.

2.2 Explainable AI

Recently, therehasbeenconsiderableinterestin explainablearti � cial intelligence(XAI). This aims
to provide human-understandableexplanations of AI systemsto increaseusers'understanding and
trust of AI systems.Ribeiroetal. [58] found,for instance,that providing explanations allows users
to calibratetheir trust in machinelearning classi�ers. Specifically,users'trust droppedsubstantially
when the explanation for the badclassi�er wasrevealed.ExplainableAI approachesfall into two
main categories:transparentmodelsandpost-hocexplainability . According to Lipton [42], the pur-
poseof transparent modelsis to openthe black-boxof the AI modelsothat userscanunderstand
how the modelworks.Morespecifically, therearethreelevelsof modeltransparency:

� Simulatabil ity: refersto the ability of the underlying AI modelto besimulatedby a user:
this requiresthe modelto berelatively simple.

� Decomposabil ity: denotesthe ability to decomposethe modelandexplain eachpart of it,
suchasinput andparameterswithout the needfor any other tools.

� Al gorith mic transparency: emphasisestheability to allowsusersto understandthemodel's
behavioursfor producing outputs.

FormorecomplexAI models,post-hocexplainability providesalternative approachesto improve
the interpretability of the model.Theyare:

� Text explanations: provide userswith explanations of the results from the modelusing
natural languagetext andsymbols.

� Vi sual explanations: utilise visualisations to facilitate the understanding of the model's
behaviour.It is typically usedin conjunction with other techniquesto improveusers'under-
standing, especially for non-expert users.

� Local explanations: produceexplanations for a subsetof the modelrather than presenting
the behaviour of the wholemodel.

� Explanations by example: extract representative examplesto giveusersa better demon-
stration of how the modelworks, similar to how we explain a process,by using speci�c
examples.

Lateron,post-hocexplainability hasbeenextendedby Arrietaetal. [3] to includeanother two
kindsof explanations:

� Explanations by simpli � cation: describea simpler new systemthat is essentially equiva-
lent to the original.Becauseof the relative simplicity, the new system is easier to interpret.

� Feature relevance explanations: showan indirect explanation of a modelby quantifying
the relevanceof input variablesin relation to the output. Comparing the relevancescores
givesthe userinsightsinto the importanceof different variables.
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2.3 Trust in optimisation

Mostwork on explainableAI hasfocusedon explaining the resultsof machinelearning (ML) for
classi� cation, prediction or recommendation. While therearestronglinks betweenoptimisation
andML� in particular optimisation is often usedfor ML� andsimilarities in that both typically use
complexalgorithms that makeit dif� cult evenfor expertsto understandandinterpret the results
thereis onesignificantdifference.In ML theoptimisation problemis oftenabstractandill -de�ned at
leastfrom the point of view of a non-expert usersoit is dif� cult for themto judgeperformance.In
manyoptimisation applications,however,an end-userwho hasknowledgeof the problem domain
but is not an optimisation expert hasthe ability to judgeperformance.In particular, while the
end-usermay �nd it hard to know if a solution is a globaloptimum they canreadily judge,at least
for problemswith a well-de�ned objective, if onesolution is better than another.ThusML and
optimisation havepotentially different characteristics when it comesto explainability andtrust.

Despitethe recognition that usertrust is vital in building acceptanceof optimisation, therehas
beenvirtually no researchin this area.While someresearchershaveconjectured that interactive
optimisation will increasetrust [47], userstudiesevaluating interactive optimisation systemshave
focussedon solution quality andtime spentto �nd a solution rather than trust [2, 6, 9, 10, 17, 33,
54, 62, 63, 65].

A numberof researchershaveinvestigatedexplainableoptimisation, e.g. [18, 52]. However,to the
bestof our knowledgetherehavenot beenempiricalevaluations of how explainableoptimisation
affectsusertrust. Theother main suggestion for increasing usertrust in optimisation algorithms is
through userinteraction. While the mostcommonreasonsfor providing interaction areto allow
the userto tailor the constraint problemor to guidethe searchfor a better solution, it hasalsobeen
conjectured that interaction may increasetrust [47]. However,userstudiesevaluating interactive
optimisation systemshavefocusedon solution quality andtime spentto �nd a solution rather than
trust [2, 6, 9, 10, 17, 33, 54, 62, 63, 65].

Meignanetal. [47] providea summary of the main kindsof interaction providedin interactive
optimisation systems:

� Trial and error: Thesimplestapproachis simply to allow the userto adjust the existing
constraints,objectivesand/or the parametersof the optimisation solverandthen re-run the
optimisation from the beginning.

� In teractive re-opti mi sation: This rangesfrom simply allowing the userto manually mod-
ify thesolution andseethe impactto true re-optimisation in which theusermakeschangesto
the current solution andthen the solution is re-optimisedwithout overwrit ing the previous
user-speci�ed changes.

� In teractive multi -objective opti mi sation: This aimsat balancing the trade-o�s between
different con�ict ing objectives.

� In teractive evolu tion ary algorithms: In this case,the usersubjectively evaluatessolu-
tionsandtheunderlying optimisation systemsapply evolutionary algorithms to continuously
improveandevolvesolutions.

� Human-guided search: This allows usersto guidethe optimisation searchprocessin order
to improvesearchef� ciency.

The only study we are aware of that has empirically investigated trust in optimisation is by Liu
et al.[43] who conducted a small qualitative study with 8 oncology professionals to evaluate a new
interactive optimisation technique for brachytherapy seed placement for prostate cancer treatment.
They found some evidence that the participants gained trust through interactive optimisation in a
treatment protocol that was unfamiliar to most participants (focal brachytherapy) but little evidence
that interaction built trust in the solver as opposed to the treatment protocol. Furthermore, the
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Fig. 2. Study 1 interface. Theobjective line chartis shown only in thefeedbackcondition.

study was small-scale, di�cult to generalise to other applications, and did not tease apart which
aspects of the tool engendered trust or whether the increased trust was warranted.In a follow-up
paper Liuet al.[44] gives9 designrecommendations for interactive optimisation systems.A user
studyevaluatedthesewith referenceto improving the quality of the solution but did not consider
usertrust.

Thus, the two studies presented here signi�cantly extend our understanding of how to engender
appropriate trust in optimisation systems.Theyalsoaddto a moregeneralunderstanding of trust
because� unlike mostother applications� it is very dif� cult for the end-userto understandthe
optimisation system(i.e.it is not transparent)or to judgesystemperformance.

3 EXPERIMENTAL SYSTEM DESIGN

In both of our studies participants were presented with a vehicle routing problem with time windows
[16, 21, 36, 67]. We chosethis problem becauseit is easyto understandandexplain to non-expert
usersbut still a dif� cult optimisation problem.It wasalsousedin [44]. The scenario presented to
the participants was that of a company that sends electricians to customers. Each customer requires
a certain �xed amount of time for the service, and has a time window when that service needs to
happen. All electricians start from a central depot and return to the depot after servicing all their
customers. During each experiment participants were given di�erent instances of this problem. In
each instance the locations of the customers, their service times (time required to complete the job
at that customer) and time windows, the location of the depot and the number of electricians were
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given. The goal of the optimisation was to �nd a schedule allocating customers to electricians and
specifying the order in which the customers are visited so that all time constraints are respected
and the overall distance travelled is minimised.

In Study1 we investigatedthe impactof providing feedbackon the solversprogresstowards
the � nal solution. Most constraint solving methodswork by iteratively �nd ing better solutions
to the problem.We therefore choseto display the current solution eachtime the solverfound a
better solution togetherwith the associatedobjective function value.This is a way of increasing
algorithmic transparency[42], allowing the userto �see� into the optimisation black-box.

In Study2, we investigatedthe effect of interactive re-optimisation [46] on users'trust. We
believedthat this might provide a kind of localexplanation [42] by allowing the userto explore
the solution spacearoundthe solution returnedby the solver.We providedboth a purely manual
modi� cation of the solution without re-optimisation andmodi� cation with limited re-optimisation.
We providedtwo conditions becauseallowing the userto manually modify the solution andim-
mediatelyseethe impacton the quality of the solution is straightforward to implementwith any
constraint solving algorithm while true re-optimisation requiresa solverthat cansupport this.

We pre-computedthe solutions before the study soasto control for the quality of solutions
returnedby the solversin the study.Moreprecisely:

� O�-line solver: We solved each problem scenario o�-line before conducting the user studies,
using state-of-the-art constraint solving technology (the problems were modelled in the
MiniZinc constraint modelling language [51] and solved with Gecode [24] as the back-end
algorithm). Each instance was run for up to 30 minutes and the best solution as well as any
sub-optimal intermediate solution found in that time was recorded. Afterwards, for each of
the best solutions found, we ran the solver again, adding constraints to limit solution quality
to 15% worse, and then 30% worse, compared to the best solution found. These additional
solutions were used to simulate di�erent solver qualities while maintaining full control over
the experimental conditions.

� On-line solver: In the experiments users are presented with two or three di�erent �on-line�
solvers: agoodsolver, apoorsolver and amediumsolver. In reality, all three on-line solvers
were simulated based on the results computed o�-line. Thegoodsolver is the best solution
found in the o�-line computation; themediumsolver shows the 15% worse solution, and the
poorsolver condition uses the 30% worse solution. This allowed us to closely control the user
experience and to make sure it was consistent between participants, i.e. to keep the apparent
solve time constant across participants, solver condition and problem instance.

3.1 Visualisation of Routing Schedule as used in Study 1

We took considerable care developing a browser-based visual interface for use in the two studies
that provided participants with readily understandable information about a scheduling solution
and its quality. In Study 1 we de�ned two conditions:feedbackandnon-feedback. The interface (see
Fig. 2) provided three di�erent view panels with an additional panel for the condition withfeedback.
Colour is used to distinguish individual electricians, and is consistent across all views [56].

The following views were used in both conditions:

� Map: Shows the location of the home depot, customer locations and the route for each
electrician. The implementation uses the OpenStreetMap1 on-line map resource and the
Lea�et2 JavaScript library to create overlay visuals.

1www.openstreetmap.org
2www.lea�etjs.com
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Fig. 3. Study 1 interface with feedback on solver progress. (a) first solution; (b) an intermediate solution; (c)
final solution.
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� Schedule:Each electrician's vehicle is represented by its own track in afaceted timeline[7].
We chose a horizontal layout of the timelines to better resemble a Gantt Chart, a commonly
used representation for schedules.Eachletter representsa singlecustomer.An electri cian's
schedule for servicedelivery to a customer is representedasa barwith two parts:grey and
white. Thegreypart indicatestheactual period for theelectri cianto deliver theserviceto the
customer,whereasthe white part representsthe customer'stime constraintsfor the service
delivery.

� Solution statistics: The objective value to be minimised is the total distance travelled by
all electricians. We presented the total distance numerically as well as graphically in a
small, colour-coded, stacked-bar chart showing a breakdown of distance travelled by each
electrician.

The following panel was only shown in thefeedbackcondition of Study 1.

� Feedback on solver progress: The solver that we used outputs a solution every time
a con�guration with an objective lower than the previous best solution is reached. We
showed each of these interim solutions in an animated sequence, together with anobjective
line chartthat graphed the tour length for each of the interim solutions. We believed that
showing interim solutions would help users to understand the operation of the solver and its
exploration of the search space and that showing the objective line chart would help them
understand the solver's progress towards the eventual solution. We also considered showing
the search space or displaying the �tness landscape but felt that end-users would �nd these
less meaningful and harder to understand. Fig. 3 shows an example of the feedback view. We
scaled and adjusted the minimum value of they-axis of this chart such that the slope of the
line was similar across all instances and solvers, with the vertical decline taking up about1

3
of the vertical range. We did this because piloting revealed that users were quick to judge
solver quality based on line slope.

Interaction The interface provided limited interaction:

� Brushing a route in either map or schedule highlights the route in the other view.
� Hovering over a time window shows an infobox of precise time window details.

3.2 Interactive Version as Used in Study 2

In Study 2, we had three conditions:No Interaction (NI), Manual Interaction (MI)andSemi-automatic
Interaction (SI).

� Manual modi�cation: In both MI and SI we introduced a new interaction allowing users
to modify the solution by dragging the lines representing customers, either to change the
delivery order within one electrician's tour, or to reassign a customer to a di�erent electrician.

� Re-optimise: In the SI condition, we also introduced interactive optimisation in the form
of a �re-optimise button� to perform a local optimisation of the customer visit ordering for
an individual electrician. Since the number of possible permutations of customer order for
one electrician is relatively small, we were able to do this optimally using a simple complete
search algorithm running in the browser.

The interface is shown in Fig. 4 and an example of a participant exploring di�erent solutions in
the SI condition is shown in Fig. 5. The map, schedule and solution statistics views were the same
as in Study 1, supporting the same basic brushing and hovering interactions, and were provided in
all three conditions.

In the MI and SI conditions, to support interactive exploration of the various user-generated
solutions, we provided a new histogram view of the objective function for di�erent solutions. The
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Fig. 4. Study 2 interface. Theobjective histogramis shown in bothSI and MI conditions. There-optimise
bu�on is only available inSIcondition. The bu�on turns o� (greys out) when it is not possible to improve
the solution by reordering the order in which customers are visited by the associated electrician. The bu�on
turns on when the there is a be�er solution with a shorter total distance.

objective histogram replaced the line chart view of objectives used in thefeedbackcondition of
Study 1 to provide a more suitable interface for interaction, as follows:

� Because we no longer show the interim solutions from the solver, a linear connection of
points no longer makes sense. That is, we only show �nal solutions from the solver and
solutions after each user interaction (including infeasible solutions).

� The bars of the objective histogram provide a larger click target for time-travelling through
solutions compared to the small circles of the objective line chart.

� Some of the solutions may be infeasible as a result of user interaction. The bars corresponding
to such solutions are indicated in red.

Thus, the histogram allows participants to interrogate theprovenanceof each solution [57].

4 STUDY 1: EFFECT OF SOLVER FEEDBACK ON TRUST

The �rst user study examined whether feedback on solver progress a�ected user evaluation of solu-
tion quality and trust in the solver.We hypothesised that it would increase trust. Participants
were asked to compare their trust in agoodsolver returning near-optimal solutions and apoor
solver returning solutions 30% worse than those of the good solver. Each solver was shown in two
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12 Liu et al.

Fig. 5. Study 2: an example of exploring solutions in theSIcondition. (a) feasible and worse solutions; (b) an
infeasible solution; (c) a feasible and be�er solution.
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