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Abstract

Background: Clinical decision support rules are added to electronic health records one at a time, each
justified on its own merits, and each imposing an alert burden on clinicians who are already overridden by
most of what they see. Whether the aggregate remains useful is an arithmetic question that individual rule
approval does not ask.

Objective: To quantify, by simulation, how alert volume, alert credibility and clinician engagement interact
as rules accumulate, and to determine the conditions under which adding a rule reduces the clinical value
the system delivers.

Methods: An agent-based simulation of 200 clinicians over 250 working days was constructed. Each
clinician saw 20 patients daily; each deployed rule fired with defined sensitivity and specificity against a
condition of defined prevalence. Engagement with an alert declined with the clinician’s daily alert load and
with the positive predictive value they had personally experienced, which was updated from the alerts they
engaged with. Rule count, specificity and target prevalence were varied. Outcomes were alerts per clinician
per day, alert positive predictive value, engagement rate, and true alerts actioned and missed per clinician
per year.

Results: In the base configuration of ten rules at 95 % specificity against a 2 % prevalence condition,
clinicians received 13.4 alerts per day with a positive predictive value of 26.8 %, engaged with 24.1 % of
them, and actioned 216 true alerts per year while missing 683 and acting on 590 false ones. Specificity
dominated every other lever: raising it from 95 % to 99.5 % cut the daily load from 13.4 to 4.6 alerts, raised
positive predictive value from 27.0 % to 78.7 %, raised engagement from 24.3 % to 58.2 %, and more than
doubled true alerts actioned from 219 to 524 per clinician per year. In the base model, adding rules never
reduced the absolute number of true alerts actioned; an interior optimum appeared only when rules were
allowed to differ in clinical value, with the best rules deployed first. Under that assumption the optimal
portfolio was 5 rules at 90 % or 95 % specificity, 8 at 98 %, and 12 at 99.5 %.

Conclusions: Specificity, not rule count, is the governing parameter, and higher specificity is what earns
the right to deploy more rules. Governance that approves rules individually against a clinical-merit test,
without a portfolio budget, will reliably overshoot.

Keywords: Clinical Decision Support, Alert Fatigue, Alert Override, Simulation, Health Informatics,
Electronic Health Records.

1. INTRODUCTION

Clinical decision support has an accumulation problem. A rule is proposed because a specific harm occurred
or might occur, it is evaluated on whether it would catch that harm, and it is approved. The next rule is
proposed on the same basis. Nothing in that process asks what happens to the previous rules when the new
one is added, and the answer is that they all become slightly less effective, because the clinician’s attention
is a fixed quantity being divided among a growing number of claims on it.

The observable consequence is override. Reported override rates for medication alerts commonly exceed
ninety per cent, and clinicians dismiss alerts faster than they could plausibly have read them. This is
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frequently framed as a behavioural failing to be addressed by training or by making alerts harder to dismiss.
It is more usefully understood as a rational response to a low base rate: a clinician who has learned that
roughly one alert in four is worth acting on, and who receives a dozen a day, is behaving sensibly in triaging
them quickly.

If that framing is right, then alert fatigue is a property of the alerting portfolio rather than of the clinician,
and it is computable. The quantities involved — how many rules, how specific each is, how common the
target condition is, how many patients are seen — are all known to the organisation deploying them, and
the interaction between them determines whether the system as a whole delivers more clinical value than
a smaller one would.

This study builds that computation. Three questions are asked. How do alert volume, credibility and
engagement move as rules accumulate? Which lever — rule count, specificity, or target selection — most
affects the value delivered? And is there a point at which adding a rule makes the system worse, not merely
less efficient?

2. METHODS

2.1 Structure

An agent-based simulation was implemented in Python. Two hundred clinicians were simulated over 250
working days, each seeing 20 patients per day. Each deployed rule was evaluated against every patient,
generating a true-positive alert when the condition was present and the rule detected it, and a false-positive
alert when the condition was absent and the rule fired anyway. Rules were treated as independent, with
identical sensitivity and specificity, targeting conditions of identical prevalence; heterogeneity is
introduced in Section 3.5.

Table 1. Simulation parameters

Parameter Base value | Range explored Rationale
Clinicians 200 — Sufficient for stable estimates
Working days 250 — One clinical year
Patients per clinician per day 20 — Representative outpatient load

From a minimal set to a mature,

Rules deployed 10 1to 50
ties deploye ° accreted portfolio
Rul lly built to catch th
Rule sensitivity 0.90 — Hes are tsuatly bulll to catcfi the
target
e The parameter organisations rarely
Rule specificity 0.95 0.90 to 0.999
measure
F fet ts t
Target prevalence 0.02 0.005t0 0.10 rom rare sa‘ety events to common

prescribing situations

Maximum engagement Engagement with an alert seen in

0.95 —

probability isolation
Load at which engagement 12 Calibrated to produce override
halves alerts/day rates in the reported range
h of th ibility eff
Experienced-PPV weight 29 . Strength of the credibility effect on

engagement

2.2 The Engagement Model

The behavioural component is the only part of the model that is not simple accounting, and it encodes two
mechanisms for which there is empirical support: clinicians engage less when they receive more alerts, and
they engage less with a class of alert that has proved unreliable. Engagement probability was modelled as
P(engage) = Pmax x [1 / (1 + load/Lw)] x PPVexperiencedl/™ (N

where load is the clinician’s alert count that day, Ly the load at which engagement halves, and PPVexperienced
the positive predictive value that clinician has personally observed among the alerts they engaged with,
updated after every day from a weak prior. The second term is what makes the model more than a queueing
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calculation: credibility is learned from experience, so a portfolio that cries wolf trains clinicians to ignore
it, including the parts of it that are reliable.

The functional form is a modelling choice rather than an estimated relationship, and the parameters were
set so that the base configuration produces override behaviour in the range reported in the literature rather
than fitted to any dataset. Section 4.3 states what this means for the interpretation of the results.

3. RESULTS
3.1 The Base Configuration

Table 2. Base configuration: 10 rules, 95 % specificity, 2 % prevalence

Quantity Value
Alerts per clinician per day 13.4
Alert positive predictive value 26.8%
Engagement rate 241 %
True alerts actioned per clinician per year 216
True alerts missed per clinician per year 683
False alerts acted upon per clinician per year 590

The base configuration reproduces the pattern reported from real deployments: a double-digit daily alert
load, a positive predictive value around one in four, and an override rate around three in four. It also shows
what that costs. For every true alert a clinician acts upon, roughly three are missed and roughly three false
ones consume attention. The system is delivering 216 useful interventions per clinician per year while

generating 3,350 alerts to do it.

3.2 Adding Rules

More rules, more alerts, less engagement with each
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Figure 1. Daily alert load and the proportion of true alerts actioned, as rules accumulate.

Table 3. Effect of rule count (95 % specificity, 2 % prevalence)

Engagement True True False
Rules | Alerts/day | PPV (%) ® (g%) actioned/yr missed/yr actioned/yr

1 1.4 26.9 43.4 39 51 107
2 2.7 26.9 40.2 73 108 198
5 6.7 26.7 32.1 144 304 394
10 13.4 26.9 24.1 216 687 591
20 26.8 26.9 16.0 288 1,514 783
30 40.2 26.9 11.9 320 2,380 877
50 67.0 26.8 7.9 355 4,140 969
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Three columns tell the story and they do not agree with one another. Alert volume grows linearly with rule
count, as it must. Engagement collapses, from 43.4 % with a single rule to 7.9 % with fifty, because load
rises and experienced credibility does not. And the absolute number of true alerts actioned nevertheless
keeps rising, from 39 to 355.
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Figure 2. True alerts actioned per clinician per year against rule count in the base model, at four
specificities.

This last result was not what the study set out to find, and it is reported as it came out. In a model where
every rule is equally valuable, adding rules always increases the absolute number of true alerts actioned,
because each new rule brings new true cases and the engagement penalty is sublinear. There is no interior
optimum: on this criterion alone, fifty rules beat ten.

What the same table shows is what that gain costs. Going from ten rules to fifty increases actioned true
alerts by 64 %, from 216 to 355, while increasing missed true alerts sixfold from 687 to 4,140 and false
alerts acted upon by 64 % from 591 to 969. The system catches more in absolute terms and becomes far
more wasteful per unit caught. Whether that trade is acceptable depends on a judgement the simulation
cannot make; what it establishes is that "actioned true alerts” alone is the wrong criterion for portfolio
decisions, because it is monotone in rule count and therefore cannot identify a stopping point.

3.3 Specificity dominates

Specificity governs both the load and the credibility of alerts
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Figure 3. Daily alert load (bars) and alert positive predictive value (line) across rule specificities.
Table 4. Effect of specificity (10 rules, 2 % prevalence)
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. PPV Engagement True True False
Specificity | Alerts/day (%) (%) actioned/yr | missed/yr actioned/yr
90.0 % 23.2 15.6 13.8 124 779 675
95.0 % 13.4 27.0 24.3 219 684 593
98.0 % 7.5 47.8 40.2 361 537 395
99.0 % 5.6 64.8 50.6 456 447 249
99.5% 4.6 78.7 58.2 524 376 142
99.9 % 3.8 94.8 66.0 595 306 32

This is the finding with the clearest operational implication. Specificity moves every column at once and in
the same direction. Raising it from 95 % to 99.5 % — a change invisible in any conventional description of
a rule, which would be reported as "accurate" in both cases — cuts the alert load by two thirds, triples the
positive predictive value, more than doubles engagement, more than doubles true alerts actioned, and cuts
false alerts acted upon by three quarters.

Note what is happening mechanically, because it is why specificity is so much more powerful than the other
levers. Sensitivity determines how many true alerts exist; specificity determines how many false ones
accompany them. Because the target conditions are rare, false positives outnumber true ones by a large
factor, so the alert load is almost entirely a function of specificity. And because credibility is learned from
the mix, specificity also determines whether clinicians believe the system — which means it affects the true
alerts twice, once by not burying them and once by making them believable.

The practical corollary is uncomfortable for how rules are usually built. A rule developer optimising
sensitivity, which is the natural instinct when the rule exists to prevent a specific harm, is optimising the
parameter that matters least and neglecting the one that determines whether the rule will be read.

3.4 Prevalence of the Target

Rare targets produce untrustworthy alerts
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Figure 4. Alert positive predictive value and engagement rate across target prevalences.

Table 5. Effect of target prevalence (10 rules, 95 % specificity)

Prevalence | Alerts/day | PPV (%) | Engagement (%) | True actioned/yr | True missed/yr
0.5% 10.9 8.4 16.1 37 190
1% 11.7 15.3 20.1 90 358
2% 13.4 26.9 24.2 218 684
5% 185 48.7 26.6 599 1,652
10 % 27.0 66.7 24.1 1,084 3,418

Rules aimed at rare events are structurally weak, and not because they are poorly built. At a prevalence of
0.5 %, a rule with 90 % sensitivity and 95 % specificity produces alerts with a positive predictive value of
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8.4 %: eleven alerts in twelve are false, clinicians learn this quickly, engagement falls to 16.1 %, and the
rule delivers 37 actioned true alerts per clinician per year while generating roughly 2,700 alerts.

This is the alerting analogue of a familiar result in screening, and it has the same remedy. A rule targeting
a rare event needs specificity far above the level that would be adequate for a common one, and if that
specificity is unattainable the rule should probably not be an interruptive alert at all — a passive indicator,
areport, or a batch review would deliver the same detection without spending the portfolio’s credibility.

3.5 When Does Adding A Rule Make Things Worse?

Section 3.2 found no interior optimum under the assumption that all rules are equally valuable. That
assumption is unrealistic in a specific and consequential way: organisations do not deploy rules in random
order. The first rules addressed are the ones with the clearest clinical case, and later additions are
progressively more marginal.

To test whether that changes the conclusion, the analysis was repeated with rules deployed best-first and
the j-th rule assigned a clinical value of 1/j. The value delivered by a portfolio of k rules is then the actioned
true alerts per rule multiplied by the sum of the values, and because engagement falls as k rises while
marginal value also falls, an interior optimum can exist. Table 6 and Figure 5 report it.

Table 6. Value-weighted true alerts actioned per clinician per year, rules deployed best-first

Rules Spec.90 % Spec. 95 % Spec. 98 % Spec.99.5 %
1 30.1 38.7 51.8 64.4
2 38.3 53.7 74.1 95.8
3 41.7 62.3 87.3 114.1
5 42.1 65.9 100.5 136.0
8 39.0 65.8 105.8 149.5
12 34.0 61.2 104.5 154.6
20 27.1 51.7 95.8 150.1
30 21.3 42.7 83.5 138.9
50 15.3 32.1 65.8 116.5
Optimal portfolio 5 rules 5 rules 8 rules 12 rules

With rules deployed best-first, an interior optimum appears

-8 specificity 0.9
140 - - specificity 0.95
specificilty 0.98

T 120 + -8 specificity 0.995

Value-weighted true alerts actioned
per clinician per year

T T - - .
10° 10!
Number of alerting rules deployed (log scale)
Figure 5. Value-weighted actioned true alerts against rule count, with the optimum starred, under best-
first deployment.

An interior optimum appears at every specificity, and its location is the result worth taking away: 5 rules
at 90 % and 95 % specificity, 8 at 98 %, and 12 at 99.5 %. Specificity is what buys the right to deploy more
rules. An organisation running thirty rules at 95 % specificity is delivering about two thirds of the value it
would deliver with five, and less than a third of what twelve rules at 99.5 % would deliver.
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The conditional nature of this finding should be stated plainly rather than buried. The interior optimum
exists because rules were assumed to differ in value and to be deployed in descending order of it. That
assumption is realistic but it is an assumption, and it is doing the work: without it, Section 3.2 found that
more rules are always better on the absolute criterion. What the two sections jointly establish is the
necessary condition for an alerting paradox, which is more useful than a bare demonstration of one would
have been.

True alerts actioned per clinician per year

0.9 92 127 149 169
2 0.95 49 146 220
S
=
o
@
& 0.98 4 221 359
0.995 4 299 524
T T
5 10 20 40

Number of rules

Figure 6. True alerts actioned per clinician per year across combinations of rule count and specificity.

4. DISCUSSION

4.1 Principal Findings

Alert fatigue in this model is not a behavioural deficiency but an equilibrium. Clinicians receiving thirteen
alerts a day of which one in four is actionable engage with about a quarter of them, which is close to what
deployed systems report, and the behaviour is a reasonable allocation of attention given the base rate they
have experienced. Changing it by exhortation, or by making alerts harder to dismiss, addresses the
symptom while leaving the base rate that produced it untouched.

Specificity is the dominant lever by a wide margin, and it acts twice: it determines the volume of alerts and
it determines their credibility, which in this model is learned and therefore persistent. Sensitivity, which
rule developers naturally optimise, determines only how many true alerts exist to be buried.

And rule portfolios have an optimal size that depends on their specificity, provided rules differ in value. At
95 % specificity that optimum was five rules; at 99.5 % it was twelve. Portfolios in deployed systems are
frequently an order of magnitude larger.

4.2 Implications for Governance
Table 7. Implications

Finding Implication Governance action
. . Require a measured specificity before
Specificity moves every It is the parameter to measure
. approval; refuse rules that cannot
outcome at once and to specify
report one
Rules aimed at rare events i .
Interruptive alerting is the Route low-prevalence rules to
have low PPV regardless of . . .
quality wrong channel for rare targets passive displays or batch review
Engagement is learned One unreliable rule degrades the Treat the portfolio, not the rule, as
from experienced PPV others the unit of approval
Actioned true alerts rise
} . That metric cannot identify a Do not evaluate the portfolio on
monotonically with rule i :
count stopping point caught cases alone
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An optimum exists once There is a defensible portfolio Set an explicit alert budget per
rules differ in value size clinician per day and enforce it
Higher specificity permits Quality buys capacity Make improving a.n existing rule a
more rules route to deploying a new one
Base case: 3 missed and 3 The visible output understates Report missed and false-actioned
false for every 1 actioned the waste alerts alongside catches

The fifth row is the concrete proposal. An alert budget — a stated maximum number of interruptive alerts
per clinician per day, agreed in advance — converts rule approval from a sequence of independent yes-or-
no decisions into a portfolio choice in which a new rule must displace an existing one or justify raising the
budget. That is a governance mechanism rather than a technical one, and it is the only mechanism identified
here that prevents accretion, because every individual approval decision will otherwise continue to be
defensible on its own terms.

4.3 Limitations

The engagement function is the load-bearing assumption and it is not estimated from data. Its form — a
hyperbolic decay in load multiplied by a power of experienced positive predictive value — is a plausible
representation of two documented mechanisms, and its parameters were set so that the base configuration
reproduces override rates in the reported range. Different functional forms would change the magnitudes,
and possibly the location of the optima in Table 6. They would not change the direction of the specificity
result, which follows from the base-rate arithmetic rather than from the behavioural model.

Rules are modelled as independent, identical and non-interacting. Real rules overlap, fire on the same
patients, and vary enormously in sensitivity, specificity and target prevalence; heterogeneity of that kind
would widen the range of outcomes and would generally strengthen the case for portfolio-level
management rather than weaken it. Alerts are treated as uniform in disruptiveness, whereas an
interruptive modal dialogue and a passive banner impose very different costs, and the distinction is exactly
the one Section 4.2 recommends exploiting.

Clinicians are modelled as identical and as learning only from their own experience, with no
communication between them and no institutional memory; in practice reputations of particular alerts
spread socially and faster than individual experience would allow. The model also has no notion of alert
content, timing or actionability, all of which are known to affect override behaviour and any of which could
dominate the effects modelled here.

Finally, the value weighting in Section 3.5 is a stipulation. A harmonic decline in value was chosen for its
simplicity; a steeper decline moves the optima left and a flatter one moves them right, and no empirical
basis for the true shape exists. The finding to carry forward is the conditional structure — that an optimum
requires declining marginal value — rather than the specific numbers 5, 5, 8 and 12.

5. CONCLUSION

A simulated portfolio of ten decision support rules at 95 % specificity produced 13.4 alerts per clinician per
day with a positive predictive value of 27 %, an engagement rate of 24 %, and three missed true alerts and
three false actioned alerts for every true alert acted upon. Raising specificity to 99.5 % more than doubled
the useful output while cutting the load by two thirds; adding rules, by contrast, increased the catch while
multiplying the waste.

Alert fatigue is therefore a design parameter rather than a clinician characteristic, and the parameter that
controls it is specificity. The governance implication is that rules should be approved against a portfolio
budget rather than individually, that a new rule should have to displace an existing one, and that improving
the specificity of what is already deployed should be recognised as what it is: the cheapest available way to
make the whole system work better, and the route by which an organisation earns the capacity to add
anything new.
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