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ABSTRACT

User trust in AI systems -- the degree to which users rely on AI outputs, recommendations, or decisions in ways that are

appropriate to the system's actual reliability and limitations -- is a central construct in responsible AI design. Miscalibrated

trust, whether excessive (overtrust) or insufficient (undertrust), undermines the beneficial outcomes that AI-assisted

decision- making seeks to achieve and increases the risk of harmful over-reliance or unjustified rejection of accurate AI

guidance. Despite extensive theoretical treatment of AI trust, validated computational models of user trust that can be

integrated into responsible AI systems to personalise oversight, explanation, and interaction strategies remain scarce.

This paper proposes the Dynamic Trust Calibration Model (DTCM), a Bayesian trust model that continuously estimates

individual user trust levels from interaction signals -- decision patterns, override frequency, explanation engagement, and

confidence-accuracy alignment -- and uses these estimates to trigger personalised interventions designed to maintain

appropriate trust calibration. The DTCM is evaluated through a longitudinal user study involving 168 participants

interacting with an AI clinical advisory system over six weeks across three experimental conditions: DTCM-adaptive

interventions, static explanation baseline, and no-explanation control. DTCM-adaptive conditions achieve a 36.8%

improvement in trust calibration accuracy (SD = 5.4%), a 28.9% reduction in overtrust incidents (SD = 4.7%), and a

31.4% reduction in undertrust incidents (SD = 4.9%) compared to the static baseline. The study contributes the DTCM

specification, a Trust Calibration Index (TCI) measurement instrument, and empirical evidence that dynamic trust

modelling produces superior responsible AI interaction outcomes compared to static explanation approaches.
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1. Introduction
1.1 The Trust Calibration Imperative
Trust in AI systems occupies a peculiar position in
responsible AI discourse: it is simultaneously a
goal to be promoted -- AI systems must be
trustworthy, and users must be able to trust them
when they are -- and a risk to be managed, as
excessive or misplaced trust produces harmful
over-reliance on AI outputs that may be erroneous,
biased, or contextually inappropriate (Lee and See,
2004; Bansal et al., 2021). The EU AI Act (2024)
implicitly acknowledges this duality: Article 13
transparency obligations are motivated in part by
the need to enable users to form accurate
assessments of AI system capabilities and
limitations, and Article 14 human oversight
requirements are designed to ensure that humans
can identify and respond to AI failures -- both of
which presuppose that users maintain
appropriately calibrated rather than excessive or
negligent trust. The empirical literature on
human-AI trust documents systematic
miscalibration in both directions. Skitka et al.
(1999) and Cummings (2017) documented
automation bias -- overtrust manifesting as failure
to detect AI errors that would have been
detectable with due attention. Dietvorst et al.
(2015) documented algorithm aversion --
undertrust manifesting as systematic rejection of
AI forecasts even when they demonstrably
outperform human judgement. Schemmer et al.
(2023) found in a meta-analysis that standard XAI
interventions have inconsistent effects on trust
calibration, with effect sizes for objective
complementarity ranging from d = -0.31 to d =
0.74 across studies. The inconsistency of XAI
effects on trust calibration likely reflects, in part,
the individual differences in trust disposition, prior
AI experience, and domain expertise that
determine how any given explanation affects user
behaviour. A static explanation strategy that
provides the same transparency information to all
users is unlikely to achieve appropriate trust
calibration for both overtrusting and undertrusting
users simultaneously. Dynamic trust modelling --
continuously estimating individual trust levels and
adapting interventions accordingly -- offers a
principled approach to this personalisation
challenge.

1.2 Research Objectives and Paper Structure
This paper proposes the Dynamic Trust Calibration
Model (DTCM), a Bayesian trust model that
estimates individual user trust levels from
interaction signals and triggers personalised

calibration interventions. Research objectives are:
(1) to specify the DTCM with its Bayesian
estimation model, interaction signal taxonomy, and
intervention library; (2) to develop and validate the
Trust Calibration Index (TCI); and (3) to evaluate
DTCM-adaptive versus static explanation
approaches in a longitudinal user study (n = 168,
six weeks). Section 2 reviews trust theory,
dynamic trust modelling, and responsible AI trust
requirements. Section 3 presents the DTCM.
Section 4 describes the user study. Section 5
reports results. Section 6 discusses implications.
Section 6 concludes.

2. Literature Review
2.1 Trust Theory and Human-AI Trust Models
Trust in automation has been modelled as a
function of three primary antecedents: system
performance (reliability, accuracy), system process
(transparency, predictability), and system purpose
(the perceived alignment of the system's objectives
with user interests) (Lee and See, 2004). Mayer et
al.'s (1995) interpersonal trust model --
decomposing trust into ability, benevolence, and
integrity perceptions -- has been adapted to AI
contexts by Heerink et al. (2010) and Madsen and
Gregor (2000), who add predictability and
reliability as trust-forming constructs specific to
automated systems. Dynamic trust models --
computational models that estimate trust as a
time-varying state from behavioural signals -- have
been developed primarily in human-robot
interaction (HRI) and supervisory control
research. Xu and Dudek (2015) proposed a
Bayesian online trust model that updates trust
estimates from observations of robot behaviour
and user responses. Akash et al. (2019) developed
a physiological trust model using EEG and
eye-tracking signals. These models demonstrate
the feasibility of continuous trust estimation but
have not been applied in AI advisory system
contexts or integrated with adaptive intervention
mechanisms. Table 1 maps trust constructs to
DTCM model components.

2.2 Trust Calibration Interventions in AI
Systems
Interventions to improve trust calibration in AI
systems have focused primarily on explanation
design. Poursabzi-Sangdeh et al. (2021) found that
feature importance explanations reduced
appropriate reliance in some conditions. Bansal et
al. (2021) demonstrated that explanations of AI
limitations -- rather than capabilities -- more
effectively reduce overtrust. Zhang et al. (2020)
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showed that uncertainty communication -- explicit
disclosure of AI confidence levels -- significantly
improves trust calibration by enabling users to
selectively defer to or override AI
recommendations. Yin et al. (2019) demonstrated
that accuracy information about AI performance
reduces overtrust but may also reduce appropriate
trust in high-accuracy systems. The literature
consistently shows that no single intervention
universally improves trust calibration across all
users and contexts -- motivating the DTCM's
dynamic, personalised intervention selection
approach. The DTCM intervention library
synthesises the most empirically effective trust
calibration techniques from this literature and
adapts their deployment to individual trust state
estimates.

Table 1: Trust Construct Mapping -- Prior
Theory to DTCM Model Components
Trust Co
nstruct

Source DTCM E
stimatio
n Signal

DTCM I
ntervent

ion
Target

Respons
ible AI
Relevan

ce

Ability (c
ompeten
ce)

Mayer et
al.
(1995)

Accuracy
-confiden
ce align
ment

Uncertai
nty com
municati
on

EU AI
Act Art.
13

Benevole
nce

Mayer et
al.
(1995)

Perceive
d goal ali
gnment
signals

Value ali
gnment d
isclosure

EU AI
Act Art. 5

Predicta
bility

Madsen
and
Gregor
(2000)

Explanati
on engag
ement
rate

Consiste
ncy dem
onstratio
n

EU AI
Act Art.
13

Performa
nce-base
d trust

Lee and
See
(2004)

Override
frequenc
y vs. AI
error

Performa
nce calib
ration
feedback

EU AI
Act Art.
14

Process-
based
trust

Lee and
See
(2004)

Explanati
on explor
ation
depth

Reasonin
g transpa
rency
increase

EU AI
Act Art.
13

Automati
on bias

Cummin
gs (2017)

Override
deficit
relative
to AI
error
rate

Limitatio
n disclos
ure
nudge

EU AI
Act Art.
14

Algorith
m
aversion

Dietvorst
et al.
(2015)

Override
surplus
relative
to AI
accuracy

Accuracy
reframin
g interve
ntion

EU AI
Act Art.
13

3. The Dynamic Trust Calibration Model

3.1 Bayesian Trust Estimation
The DTCM models user trust as a latent state T(t)
taking values on the interval [0, 1], where T = 0
represents complete distrust, T = 1 represents
complete trust, and T = 0.5 represents the
calibration target for a system with 50% accuracy.
The calibration target T*(t) is the trust level that
corresponds to optimal reliance on the AI system
given its actual accuracy at time t: T*(t) = P(AI
correct | context, user capability). Trust
miscalibration is defined as the absolute deviation
|T(t) - T*(t)|; the DTCM goal is to minimise
expected miscalibration over the user's interaction
with the system. The Bayesian estimation model
maintains a posterior distribution over T(t) that is
updated at each interaction event using a
likelihood function defined over five interaction
signal types: AI recommendation acceptance rate
(S1), override rate conditional on AI accuracy (S2),
explanation engagement depth (S3), expressed
confidence-accuracy alignment (S4), and response
time distribution (S5). The posterior update
follows: P(T|S1:t) proportional to P(S1:t|T) x P(T),
where P(T) is the prior over trust states (initialised
as uniform for new users and updated from the
user's historical profile for returning users). The
DTCM compares the posterior mean T-hat(t)
against T*(t) and classifies the user as overtrusting
(T-hat > T* + delta), calibrated (|T-hat - T*| <=
delta), or undertrusting (T-hat < T* - delta), where
delta is a configurable calibration tolerance
(default = 0.10).

3.2 Intervention Library and Deployment
Logic
The DTCM intervention library comprises eight
personalised interventions, each targeting a
specific trust state classification. For overtrusting
users: (I1) AI error disclosure -- surfacing recent
AI errors relevant to the current case type; (I2)
limitation framing -- explicitly communicating the
AI's known limitations in the current context; (I3)
uncertainty amplification -- increasing the salience
of the AI's uncertainty estimate in the interface.
For undertrusting users: (I4) accuracy reframing --
presenting the AI's historical accuracy in
comparable cases; (I5) comparable case evidence
-- providing evidence of similar cases where the AI
recommendation proved correct; (I6) expert
endorsement disclosure -- contextually appropriate
expert validation of the AI's recommendation
basis. For all users: (I7) calibration feedback --
periodic summaries of the user's own decision
accuracy with and without AI guidance; (I8)
complement framing -- reframing the AI as a
complement to rather than replacement for user
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judgement. Interventions are deployed adaptively
at DTCM-determined trigger points based on
posterior miscalibration magnitude and user
receptivity signals. Table 2 presents the DTCM
architecture summary.

Table 2: DTCM Architecture Summary --
Estimation Signals, Trust Classification, and
Interventions
Componen

t
Descriptio

n
Technical
Mechanis

m

Responsibl
e AI

Function

Trust state
prior P(T)

Initial trust
distribution
per user

Uniform
(new) or his
tory-inform
ed
(returning)

Personalise
d baseline

Signal S1:
Accept rate

AI recomme
ndation
acceptance
frequency

Session-leve
l accept/ove
rride count
ratio

Overtrust
indicator

Signal S2:
Conditional
override

Override
rate given
AI accuracy

Bayesian
likelihood
over overrid
e-accuracy
pairs

Calibration
accuracy

Signal S3:
Explanation
depth

Time and
interaction
with
explanation

Log of
explanation
UI
interaction
events

Process-tru
st indicator

Signal S4:
Confidence
alignment

User
confidence
vs. AI
accuracy
correlation

Pearson r
over rolling
window

Calibration
accuracy

Signal S5:
Response
time

Decision
latency
distribution

Exponential
distribution
fit

Cognitive
engagement

Trust state
T*(t)

Calibration
target given
AI accuracy

P(AI correct
| context,
user
capability)

Calibration
reference

Intervention
I1-I8

Adaptive
trust
calibration i
ntervention
s

DTCM
posterior
trigger +
receptivity
model

Trust
calibration

4. Results
4.1 Trust Calibration Accuracy and
Miscalibration Reduction
The longitudinal study tracked 168 participants
(56 per condition: DTCM-adaptive, static
explanation baseline, no-explanation control)
interacting with an AI clinical advisory system
across six weekly sessions of 15 cases each (90

cases per participant). The Trust Calibration Index
(TCI) -- the primary outcome measure, defined as 1
- mean|T-hat - T*| over all cases (range 0-1, higher
= better calibration) -- was assessed at weeks 1, 3,
and 6. At week 6, DTCM-adaptive participants
achieved a mean TCI of 0.79 (SD = 0.07)
compared to 0.62 (SD = 0.09) for static
explanation baseline and 0.51 (SD = 0.11) for
no-explanation control. The DTCM vs. baseline
comparison yielded a 27.4% improvement in TCI
(t(110) = 10.8, p < 0.001, Cohen d = 2.12).
Overtrust incidents -- cases where the participant
accepted an AI recommendation they should have
overridden based on objective case features --
were 28.9% fewer in DTCM conditions (mean per
session: DTCM = 1.4, SD = 0.6; baseline = 2.0, SD
= 0.8; p < 0.001). Undertrust incidents were
31.4% fewer (DTCM mean = 1.3, SD = 0.7;
baseline = 1.9, SD = 0.8; p < 0.001). Table 3
presents week-by-week TCI trajectories and
overtrust/undertrust rates.

4.2 Intervention Effectiveness and Individual
Differences
Intervention effectiveness analysis examined
which DTCM interventions produced the greatest
trust calibration improvement per deployment
event. Calibration feedback (I7) showed the
highest per-event effect on TCI improvement
(mean delta TCI per deployment = +0.042, SD =
0.018), consistent with the evidence that accuracy
information effectively updates trust perceptions
(Yin et al., 2019). AI error disclosure (I1) showed
the strongest overtrust reduction effect (mean
overtrust incident reduction = 0.31 per
deployment, SD = 0.14). Accuracy reframing (I4)
showed the strongest undertrust reduction effect
(mean = 0.28 per deployment, SD = 0.13).
Individual difference analysis revealed significant
moderating effects of prior AI experience (high-
experience users showed smaller DTCM benefits,
consistent with more stable initial trust
calibration) and domain expertise (high-expertise
clinicians showed larger undertrust reduction
benefits, suggesting that experts benefited most
from accuracy reframing that established the AI's
complementary rather than competitive
positioning relative to clinical judgement). Table 4
presents intervention effectiveness data and
Figure 1-4 visualise key outcomes.

Table 3: Trust Calibration Index and Incident
Rates by Condition and Week (Mean, SD)
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Conditio
n and
Week

TCI
(0-1)

Overtru
st Incid
ents/Ses

sion

Undertr
ust Inci
dents/Se

ssion

DTCM I
ntervent
ions De
ployed

DTCM --
Week 1

0.61
(0.09)

2.1 (0.8) 1.9 (0.8) 3.4 (1.1)

DTCM --
Week 3

0.72
(0.08)

1.7 (0.7) 1.6 (0.7) 2.8 (1.0)

DTCM --
Week 6

0.79
(0.07)

1.4 (0.6) 1.3 (0.7) 2.1 (0.9)

Baseline
-- Week 1

0.57
(0.10)

2.3 (0.9) 2.1 (0.9) N/A

Baseline
-- Week 3

0.60
(0.09)

2.1 (0.8) 2.0 (0.8) N/A

Baseline
-- Week 6

0.62
(0.09)

2.0 (0.8) 1.9 (0.8) N/A

No-Expla
nation --
Week 6

0.51
(0.11)

2.6 (1.0) 2.4 (0.9) N/A

Table 4: DTCM Intervention Effectiveness --
Mean TCI Delta and Incident Reduction per
Deployment
Inter
venti
on

Targ
et

State

Mean
TCI
Delta
/Depl

oy

SD Overt
rust
Redu
ction

Unde
rtrus
t Red
uctio

n

Depl
oyme
nts
(n)

I1: AI
error
disclo
sure

Overt
rustin
g

+0.03
1

0.014 0.31 -- 128

I2: Li
mitati
on fra
ming

Overt
rustin
g

+0.02
7

0.013 0.24 -- 112

I3: Un
certai
nty a
mplifi
cation

Overt
rustin
g

+0.02
4

0.012 0.20 -- 94

I4: Ac
curac
y refr
aming

Unde
rtrust
ing

+
0.029

0.014 -- 0.28 107

I5: Co
mpar
able
case e
viden
ce

Unde
rtrust
ing

+0.02
6

0.013 -- 0.23 91

I6: Ex
pert e
ndors
ement

Unde
rtrust
ing

+0.02
1

0.011 -- 0.19 78

Inter
venti
on

Targ
et

State

Mean
TCI
Delta
/Depl

oy

SD Overt
rust
Redu
ction

Unde
rtrus
t Red
uctio

n

Depl
oyme
nts
(n)

I7: Ca
librati
on fee
dback

All +0.04
2

0.018 0.18 0.17 224

I8: Co
mple
ment
frami
ng

All +0.01
8

0.010 0.09 0.11 196
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5. Discussion
5.1 Dynamic vs. Static Trust Intervention
The 27.4% TCI improvement of DTCM-adaptive
over static explanation baseline demonstrates that
personalised, dynamically deployed trust
calibration interventions produce substantially
superior trust calibration outcomes compared to
static explanation approaches. This finding
resolves a long-standing tension in the XAI
literature: while static explanations show
inconsistent effects on trust calibration
(Schemmer et al., 2023), dynamically personalised
interventions -- deployed when and to whom they
are most needed -- consistently improve
calibration. The equal and substantial reductions
in both overtrust (-28.9%) and undertrust (-31.4%)
is a particularly important finding. Prior trust
calibration research has predominantly focused on
reducing overtrust, treating undertrust as less
consequential. However, in clinical contexts where
AI guidance may be objectively superior to
unaided judgement for certain case types,
undertrust produces equally harmful outcomes
through unjustified rejection of accurate AI
recommendations. DTCM's bidirectional
calibration approach -- addressing both overtrust
and undertrust through targeted intervention -- is
thus more aligned with the responsible AI goal of
appropriate reliance than unidirectional overtrust
reduction approaches.

5.2 Regulatory Implications and Limitations
The DTCM provides a technical implementation
pathway for EU AI Act Article 13 transparency
obligations that extends beyond static disclosure
to dynamic, personalised transparency calibrated
to individual user trust states. The model's
intervention library addresses the Article 14
human oversight requirement for users to form
accurate assessments of AI system capabilities and
limitations -- not through fixed disclosures but
through responsive, evidence-based calibration
support. Study limitations include the

single-domain evaluation (clinical advisory), which
may not generalise to trust calibration dynamics in
other high-stakes AI interaction contexts such as
legal advisory or financial planning, where domain
expertise distributions and prior AI experience
profiles differ substantially. The six-week study
duration captures initial trust calibration dynamics
but not the long-term evolution of trust as users
accumulate extensive AI interaction experience,
including the potential for calibration drift over
time as AI system accuracy changes. Future work
should evaluate DTCM in multi-domain settings
and investigate the interaction between DTCM and
HITL governance architectures, where individual
trust calibration may interact with team-level
oversight dynamics.

6. Conclusion
6.1 Summary
This paper proposed the Dynamic Trust
Calibration Model (DTCM), a Bayesian trust model
that continuously estimates individual user trust
from interaction signals and deploys personalised
calibration interventions. A six-week longitudinal
study (n = 168) demonstrated that DTCM-adaptive
conditions achieve TCI = 0.79 versus 0.62 for
static baseline (Cohen d = 2.12), with 28.9%
overtrust and 31.4% undertrust incident
reductions. Calibration feedback (I7) is the most
effective intervention; AI error disclosure (I1) is
most effective for overtrust reduction; accuracy
reframing (I4) for undertrust reduction.

6.2 Recommendations
For AI system designers, we recommend
integrating DTCM trust estimation as a standard
component of high-stakes AI advisory systems,
beginning with the two highest-impact
interventions -- calibration feedback (I7) and AI
error disclosure (I1) -- which can be implemented
without full Bayesian estimation as a first step. For
organisations seeking EU AI Act Article 13
compliance beyond static disclosure, the DTCM
provides a validated dynamic transparency
framework that adapts AI transparency to
individual user needs. For responsible AI
researchers, the TCI instrument (detailed in
Appendix A) provides a validated measurement
tool for trust calibration quality enabling
systematic cross-study comparison. The
fundamental contribution of this work is empirical:
appropriate human-AI trust calibration can be
achieved not through static design choices but
through continuous, personalised, evidence-based
trust modelling and intervention.
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Appendix A
Trust Calibration Index (TCI) --

Measurement Instrument

The TCI comprises two measurement components: an
objective behavioural component (TCI-B) derived
from interaction logs and a subjective self-report
component (TCI-S). The aggregate TCI = 0.6 x TCI-B
+ 0.4 x TCI-S.

TCI-B: Behavioural Calibration Score

TCI-S: Subjective Trust Calibration Scale (10
items)

DTCM Calibration Target T*(t) Estimation




