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Qini Curves for Potential Impact Assessment of Risk Predictive Models

Informing Intervention Policies
Pierpaolo Palumbo, PhD

Objectives: Predictive models in medicine help make decisions about which individual to treat with
a given therapeutic or preventive intervention. Before being tested in large field studies and rec-
ommended for clinical adoption, it is important to evaluate not only their statistical accuracy but
also the impact they may have when used to inform health intervention policies. We aim to
provide simple methods for the potential impact assessment of health intervention policies based
on predictive models.

Methods: We propose an analytic framework based on Qini curves wherein prediction-based
policies are analyzed on 2 impact endpoints: (1) the fraction of the population that would be
selected for the intervention (coverage) and (2) the effect on the clinical outcomes of interest
(disutility). The drivers of values are the disease prevalence, the predictive performance of the
model, and the effectiveness of the intervention.

Results: We present simple formulas for calculating coverage and disutility from either observa-
tional or randomized controlled data. We illustrate possible value measures arising from
geometrical properties on the Qini plane: delta coverage and disutility, number needed to treat,
and integrated difference between Qini curves. We show the applicability of the Qini analysis by
providing examples about the prevention of falls in older adults and prevention of secondary
cardiovascular events with pioglitazone.

Conclusions: Coverage and disutility capture key value components of prediction-based policies.

The method can be used for comparing models or tuning risk thresholds for managing trade-
offs between conflicting objectives (eg, clinical benefits, side effects, and healthcare resources).
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The evidence-based
evaluation process that
accompanies a predic-
tive model from its
development to its
recommendation  for

Predictive health models are cornerstone elements of digital
health technologies that help make a diagnosis of present condi-
tions or a prognosis about future outcomes or may predict the
responsiveness of different individuals to different interventions.

o Predictive models are cornerstone

digital technologies used to
implement the paradigm of
personalized medicine. Before being
tested on large field studies and
recommended for clinical adoption,
it is important to estimate not only
their statistical accuracy but also the
consequences they could bring
about if implemented on a
population.

Qini curves are gain-spend curves
that are currently used for
treatment benefit prediction
models. In this study, we propose a
methodology for deriving Qini
curves on risk prediction models.
The 2 endpoints are the fraction of
the population that would be
selected for the intervention
(coverage) and the effect on the
clinical outcome of interest
(disutility).

Qini curves can be used to appraise
the impact of risk prediction models
that inform health intervention
policies before real-world
implementation and tuning risk
thresholds for managing trade-offs
between conflicting objectives.

In clinical practice, they are used to advise on therapeutic or
preventive interventions to take on single individuals. At the same
time, in public health, they support decision making about which
population groups to target with such interventions and assist in
preparing resource allocation plans.!

We distinguish predictive models into risk predictive models
and treatment benefit predictive models. The former predicts the
absolute risk of having or developing a given outcome of interest,
whereas the latter predicts the benefit of an intervention over a
given outcome at the single individual level. Treatment benefit
models are also known as uplift models in business applications?>
and models for the heterogeneous treatment effect in the medical
domain.*®

clinical uptake and real-world implementation has been described
as staged into 3 phases® which concern (1) predictive
performance, (2) potential effect and usability, and (3) post-
implementation impact. The first phase is addressed with inter-
nal and external validation studies.'®!" In the second phase, the
potential impact on health outcomes and healthcare resources can
be estimated with decision analytic models,'> whereas the third
phase is conducted with comparative studies, such as before-after
studies or clustered randomized controlled trials.”>"'® The early
impact assessment of the second phase helps identify which
models can progress along the evaluation process, reconciling the
vast amount of models that reach the first phase with the high
costs and complexity of the studies of the third phase.>!"°

1098-3015/Copyright © 2026, International Society for Pharmacoeconomics and Outcomes Research, Inc. Published by Elsevier Inc. This is an open access article

under the CC BY license (http://creativecommons.org/licenses/by/4.0/).


www.sciencedirect.com
www.elsevier.com/locate/jval
Delta:1_given name
http://crossmark.crossref.org/dialog/?doi=10.1016/j.jval.2025.01.024&domain=pdf
http://creativecommons.org/licenses/by/4.0/

568 VALUE IN HEALTH

Different methods and metrics have been proposed to estimate
the value of predictive models.?>>*> Qini curves are gain-spend
curves that have been proposed to evaluate the value of treat-
ment benefit models.”*?” Because these models provide a prior-
itization score on subjects on whom to intervene, Qini curves plot
the benefit of intervening on a subset of prioritized individuals
(gain) as a function of the size of this subset (spend).

In this article, we aim to present Qini curves as a simple tool for
the potential impact evaluation of risk predictive models before
real-world implementation. We find relationships to express these
curves in terms of 3 drivers of value: the prevalence of the tar-
geted disease, the performance of the risk predictive model, and
the effectiveness of the available intervention.”® We highlight
some geometrical properties of the Qini plane that are useful to
appreciate the benefit of the predictive model. Finally, we present
2 examples of Qini curves for risk predictive models evaluated
using observational and randomized data.

We call Q@ our target population. We define X(w) as the
observable features of an individual w belonging to @, we {0;1} as
the intervention implemented on each individual (ie, to admin-
ister or not a given treatment) and Y(w, w)e {0; 1} as a dichotomic
health outcome for w after receiving intervention w. Conven-
tionally, we indicate with Y =1 (Y = 0) the presence (respec-
tively, absence) of the unpleasant disease condition.

We call f a risk prediction model for the outcome Y. Namely,
f(x,w) is an estimate of the probability for an individual v with
feature x = X(w) to have outcome y = 1 after intervention w. We
further call = the policy for intervention assignment. Namely, = is
the function that assigns an individual » with feature x = X(w) to
the intervention w: w = =(x). We consider 4 policies:

1. m(x) = 0. Under this policy, w is 0 for all individuals (ie, none
receives the treatment). We can refer to this as an intervention-
on-none policy.

2. m(x) = 1. Under this policy, w is 1 for all individuals (ie,
everyone receives the treatment). We can refer to this as the
intervention-on-everyone policy.

3. mrq(x) ~Bernoulli(a). Under this policy, a fraction « of the in-
dividuals are selected for treatment w = 1, independent of
their features x. This policy is a mixture of mg and . We can
refer to it as random policy.

4. m(x) = I(f(x, 0) <t), in which I() is the indicator function,
which is 1 if its argument is true and O otherwise, and ¢ is a
threshold value over the estimated risk f(x, 0). Under this
policy, the treatment w=1 is assigned to the individuals
whose estimated risk exceeds a given threshold t, whereas all
others do not receive the treatment.

Policy =7, is the prediction-and-intervention (or test-and-
treat) policy under evaluation, whereas the others serve as com-
parators and may represent the standard of care. The policy =,
may describe an observational regime in which the individuals are
subject to different treatments according to criteria independent
of their features X or may represent an experimental regime in
which randomization guarantees that the treatment allocation is
independent of X.

The prediction model f is often developed and evaluated using
data collected under only 1 policy regime, which we assume to be
mo for simplicity. We thus indicate f(x,0) as f(x). Using data
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collected under mp, we characterize f in terms of the true-positive
(TP), true-negative (TN), false-positive (FP), and false-negative
(FN) rates i achieves over the population. We call
Se=TP/(TP +FN) the sensitivity and Sp =TN/(TN +FP) the
specificity of the risk prediction model.

We characterize the effectiveness of the intervention over the
population with its relative risk®®:

E)Y(m, 1)
R~ Y00 W

weQ

Similarly, we call RR; the relative risk over a subgroup G= Q of the
population:

Y Y(w,1)
_ weG
S (XY @
weG
We say that the intervention has uniform treatment effects when
RR; = RR for all subgroups G of Q. Otherwise, we state that it has
heterogeneous treatment effects.
Finally, we choose 2 population metrics to evaluate the impact
of a policy =: coverage and disutility. We define the coverage Co as
follows:

Co(m) = — 3" w(X(w)) (3)
2]

It is the fraction of individuals receiving intervention w = 1. It
provides information about the cost of its implementation and the
number of possible side effects that may arise from its application.
We define the disutility D as follows:

D(r) :ézyw w(X(0))) (4)

weQ

It is the fraction of individuals developing the outcome y = 1. It

measures the clinical effectiveness of the policy on the outcome Y.

We call Dy = D(mg) = ‘1@ > Y(w,0) = TP + EN the health outcome
weQ

rate (prevalence or incidence rate) under m. Plotting D as a
function of Co makes the Qini curve.
All variable definitions are reported in Table 1.

Given the formal framework presented in the section Problem
setup, the fraction of individuals in the population that are
assigned to the intervention (coverage of ;) is given by the
following (see Qini on observational data in Supplemental
Materials):

Co(ny) =DoSe+(1 — Dg)(1— Sp) (5)

The fraction of individuals affected by the disease after applying
the intervention according to ny (disutility of ;) is given by the
following (see Qini on observational data in Supplemental
Materials):

D(ﬂf‘t) = DO_DO (1 - RRGt)Se (6)

in which RRg, is the relative risk over the group of individuals
whose estimated risk exceeds the threshold t.

These equations describe the coverage and disutility of a
prediction-and-intervention policy ;. in terms of 3 drivers of
value: the prevalence of the disease (Dg), the predictive



Definitions.

Population, intervention, and outcome

Q

Y(w,w)

RR

RR¢

RR¢:

Risk prediction model

f

TP, TN, FP, FN

Se, Sp
AUC

Policy

™0

™

ra

Tc

Target population.
|2| indicates its sample size (ie, the number
of its individuals).

Index individual of the population. we Q.
Observable features of an individual w.

Type of intervention implemented on
each individual. We take it as dichotomic:
we {0; 1} (ie, to administer or not a given
treatment).

Health outcome for w after receiving
intervention w.

We take it as dichotomic: Y(w,w)e {0; 1}. We
indicate with Y =1

(Y= 0) the presence (respectively, absence)
of the unpleasant disease condition.

Relative risk of the intervention over the
Swe Y(w, 1)
ZweR Y(w,0)
Relative risk of the intervention over a
SweG Y(w, 1)

SweG Y(w, 0)

Relative risk of the intervention over the

group of individuals whose estimated risk
exceeds the threshold t.

whole population: RR =

subgroup G: RR =

Arisk prediction model for the outcome'Y.
Namely, fix, w) is an estimate of the
probability for an individual w with
feature x = X(w) to have outcome y = 1 after
intervention w. For simplicity, we indicate

fix, 0) as fix).

True-positive, true-negative, false-
positive, and false-negative rates of f{x).

Sensitivity and specificity of fix).

Area under the receiver operating

characteristic curve of f(x). A measure of
the discriminative ability of the prediction
model across different threshold values.

Policy for intervention assignment.
Namely, = is the function that assigns an
individual w with feature x = X(w) to the
intervention w: w = w(x).

Intervention-on-none policy. Under this
policy, w is 0 for all individuals (ie, none
receives the treatment: my(x) = 0)

Intervention-on-everyone policy. Under
this policy, w is 1 for all individuals (ie,
everyone receives the treatment:

mi(x) = 1).

Random policy. Under this policy, a
fraction a of the individuals are selected
for treatment w = 1, independent of their
features: w = 4 (x) ~ Bernoulli(a), which
indicates that w takes the value 1 with
probability « (and value 0 with probability
1- a).

Generic comparator policy

Continued in the next column
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Continued

‘”f,t

Co(m)

Do

A(ft: C)Co, A(ft,C)D
A(ﬂ,’r)Co, A(ﬂ,’r)D

NNT(r)

AUPEC(r)

Prediction-and-intervention policy. Under
this policy, the treatment w = 1 is assigned
to the individuals whose estimated risk
exceeds a given threshold t, whereas all
others do not receive the treatment:

w7 ¢(X) = 1(f(x,0) <t), in which I is the
indicator function, which is 1 if its argument
is true and 0 otherwise, and t is a threshold
value over the estimated risk f{x, 0).

Coverage of policy . It is the fraction of
individuals receiving intervention w =1

under policy = Co(w) = S T(X(w)).

1
2]
Disutility of policy =. It is the fraction of

individuals developing the outcome y =1

under policy 7. D(x) = ‘%‘Emeg Y (0,m(X(w))).

Health outcome rate under my : Dy =

1
D(mo) = @Ezud?Y((JJ, 0)

Differences in coverage and disutility
between =7, and a comparator policy .

Difference in coverage and disutility
between =7, and two random policies
having respectively the same disutility and
coverage of .

Number needed to treat under policy =

(ie, the number of individuals who must

be treated to gain a one-unit decrease in
disutility).

Area under the prescriptive effect curve. A
measure of the effectiveness of
integrating the prediction tool f with the
available therapeutic or preventive
intervention using policy .

Example of Qini for fall risk screening (observational data)

AGS/BGS

NNTaGsBGs,13.55

NNT 4

American Geriatrics Society/British
Geriatrics Society (AGS/BGS) guidelines
for falls prevention.

Number needed to treat for the policy
indicated by the American Geriatrics
Society/British Geriatrics Society (AGS/
BGS) guidelines using the Timed Up and
Go (TUQ) test for screening with a cutoff
of 13.5 seconds.

Number needed to treat when providing
the intervention to everybody, without
any risk screening tool.

Example of Qini for secondary prevention of cardiovascular events
with pioglitazone (randomized data)

Goo, Gior Go1, G

chr Yfracture

D, cvr D 'fracture

Gap (with a,be{0; 1}) is the group of
individuals randomized to treatment a by the
random policy 7, and indicated to receive
treatment b by the prediction tool f.

Two health outcomes: cardiovascular
events (Y,,) and occurrence of bone
fracture (Ysacure) IN @ 5-year observation
period.

Disutilities calculated over the 2 health
outcomes Y, and Yacrure-
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performance of the model (Se and Sp), and the effectiveness of the
intervention (RRg,). Coverage is an affine function of sensitivity
and specificity, whereas disutility is affine in sensitivity. An
improvement in sensitivity brings an improvement in the
disutility via the mediation of RR¢,, with no impact if the inter-
vention is not effective (RR;, = 1). Expressions for coverage and
disutility also for the 3 comparator policies are provided in
Appendix Table 1 in Supplemental Materials.

The relationship entailed by these formulas between the ROC
curves and the Qini curves are graphically shown in Figure 1 using
synthetic data (see Synthetic data in Supplemental Materials). The
prediction-and-intervention policy =y, is compared with an
intervention-on-none policy (), an intervention-on-everyone
policy (1), and a random policy (). The random policy is
represented as a straight line in both the ROC and Qini planes. It is
parametrized by « and connects the points representing wg and .
The Qini curve shows that an improvement in the sensitivity de-
termines an increased coverage and an improved (decreased)
disutility, whereas an improvement in the specificity determines a
reduced coverage. The same ROC curve corresponds to different
Qini curves for different values of the intervention effectiveness
RR.

Although observational data can be advantageous for training
risk prediction models because they are generally more abundant
and representative of the target population, experimental data
offer the opportunity to observe the characteristics of the in-
dividuals (X), the assigned intervention (w), and the clinical
outcome (Y) without threats of confounding effects.

Given data produced under the randomized policy =,, the
coverage of n;, can be estimated as follows (see Qini on ran-
domized data in Supplemental Materials):

_ 1G11[+1Go1|

Co (ﬂ'f,[) ‘.Ql

(7
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in which Gy is the group of individuals who are assigned to the
intervention (w = 1) by both the randomized and the prediction-
based policies, Gy; is the group of individuals who are in the
control group according to r, but would receive the intervention
according to ¢, and |Q| is the sample size of the randomized
data. The disutility of =, can be estimated with inverse proba-
bility weighting as follows:

D(m,) _é{lla > Y(w,0) +§ > Y(w, 1)} (8)

we Goo we Gy

in which Gg is the group of individuals who are not assigned to
the intervention (w = 0) by either the randomized or the
prediction-based policies, and « is the fraction of individuals
randomized to the intervention by =, (eg, « = 0.5 for balanced
cases and controls).

We highlight 3 approaches for appraising the value of a
prediction-and-intervention policy in the Qini plane.

The value of an index prediction-and-intervention policy =,
with respect to a comparator policy = may be appreciated by
calculating the differences between the 2 in terms of coverage and
disutility: A oD =D(mc) —D(ms;) and AgpoCo = Co(me) —
Co(my ). When the comparator =, represents the standard of care,
Co(m¢) and D(mw.) are assumed to be known.

To evaluate the value of the prediction model f, we may take as
comparator a random policy with either the same coverage or
disutility of . Closed-form formulas for such A D and A g - Co
are provided in Delta coverage and disutility in Supplemental
Materials.

A classical way to express the efficiency of an intervention is
the number needed to treat (NNT) (ie, the number of individuals

ROC curves and Qini curves. One same ROC curve (panel A) is mapped into different Qini curves (panel B) depending on the
effectiveness of the intervention (ie, its relative risk [RR]). The arrows show the effect of the predictive accuracy of the risk model on
coverage (Co) and disutility (D). In particular, given a point P on the ROC and Qini curves, corresponding to a specific risk threshold, P’ and
P" represent improvements over P of 0.1 in sensitivity and specificity, respectively. Curves obtained with synthetic data (see Synthetic
data in Supplemental Materials). o, intervention-on-none policy; m;, intervention-on-everyone policy; 7., random policy; g,

prediction-and-intervention policy.

A ROC
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who must be treated to gain a 1-unit decrease in disutility).>°

Because the abscissa indicates the number of individuals
receiving the intervention and the ordinate indicates the
disutility in the Qini plane, the NNT of a given policy = is the
slope over the vertical of the segment connecting the points
representing = and wp (Fig. 2). For the prediction-and-
intervention policy =y, the NNT is

Co(f.1) —Co(mo) TP(t)+FP(t) TP(t)+FP(t)

NNT () = Co(mo)—Co(m¢)  Do—RRg, TP(t)—EN(t) _ TP()(1—RRg,)

For the comparator = (or equivalently any =, with a< 0),

) Colmy)~Colmy) 1
NNT (1) =NNT (Tra) = 5 e =Co(mr) ~ Do(1-RR)

(10)

The third approach we propose is based on measuring the
integrated difference between Qini curves. To appraise the value of
nfr, We measure the area in the Qini plane between the curve
representing =y, and the curve representing the random inter-
vention .. Following Imai and Lingzhi Li,>* we refer to this
quantity as AUPEC. (Fig. 2). Because the area under the ROC curve
(AUC) is a measure of the discriminative ability of the prediction
model f across different threshold values,'*> AUPEC is a measure
of the discriminative effectiveness of the prediction-and-
intervention policy =y, (ie, the effectiveness of integrating the
prediction model f with the available therapeutic or preventive
intervention).

Under the hypothesis of homogeneous treatment effects across
population risk strata (RRg, = RR for all t), area under the ROC
curve and AUPEC are related by the following simple equation:

AUPEC = Dy(1 — Dg)(AUC — 0.5)(1 — RR) (11)

This shows that the discriminative effectiveness is determined by
the disease prevalence, the discriminative ability of the predictive
model, and the effectiveness of the intervention. The proof is
provided in AUPEC in Supplemental Materials.

Here, we report an example of an impact analysis derived
from Palumbo et al®® that uses Qini curves obtained with
observational data. The analyzed prediction-and-intervention
policy is the program for fall prevention in community-
dwelling older adults indicated by the American Geriatrics So-
ciety/British Geriatrics Society guidelines.>* This policy consists
of using a screening algorithm in combination with a multifac-
torial assessment and a tailored intervention. Namely, those
who are screened as at high risk of falls are referred to a
multifactorial assessment and a tailored preventive intervention
for determining the main risk factors that are responsible for the
increased fall risk and for intervening in those risk factors.

The prediction model f is the screening algorithm proposed by
the American Geriatrics Society/British Geriatrics Society, which
makes use of information about previous falls, fall injuries, and
difficulties or abnormalities in gait and balance. The coverage Co is
the fraction of older adults targeted with the multifactorial
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assessment and intervention, and the disutility D is the fraction of
older adults experiencing at least 1 fall a year.

Given the low diffusion of fall preventive interventions, the
treat-none policy mo well approximates the policy that generated
the data and the standard of care, whereas 7y, is the policy to
evaluate. The policy =, mimics a preventive service that is
accessed by individuals without risk-related criteria, as is the case

9)

for a service that is implemented heterogeneously over the na-
tional territory.

We used the InCHIANTI observational data® to derive the
annual fraction of older adults experiencing at least 1 fall (Dy) and
the accuracy of the screening algorithm in terms of TP, TN, FP, FN,
Se, and Sp. The effectiveness of the multifactorial assessment and
intervention was derived from the literature,’® and we assumed
that such effectiveness was homogeneous across population
subgroups.

The ROC plane (see Appendix Fig. 1 in Supplemental Materials)
shows that the screening algorithm has sensitivity and specificity
that range in the intervals of 35.1% to 43.3% and 79% to 84.3%,
respectively, according to the threshold chosen on a test for
detecting gait abnormalities (namely, the Timed-Up and Go
[TUG] test).> The Qini curve (Fig. 3) shows that this preventive
policy would target 18.4% to 24.2% (Co) of the older population
with a multifactorial assessment and intervention, resulting in a
fall rate of 12.8% to 13% fallers every year (D). The Qini curve
further helps us to appraise the advantages of integrating the
screening algorithm within the preventive policy with respect to
others not based on predictive tools. More specifically, choosing
the TUG test with a threshold equal to 13.5 s leads to more
prevented cases (Augs/scsizssnD = 0.5% fallers a year), reduced

Value measures on Qini curves. The number needed
to treat (NNT) of an index policy is represented by the slope over
the vertical of the line connecting the intervention-on-none policy
(o) to the index policy. The area under the prescriptive effect
curve (AUPEC) is the area between the Qini curve of the random
policy (7)) and the Qini curve of the index policy (in the figure,
the prediction-and-intervention policy m¢y). Curves obtained with
synthetic data (see Synthetic data in Supplemental Materials). 7,
intervention-on-everyone policy.

o
™ e,
o
"> * o
. T
\\ \\\. T
8 S r,o
A o | \\ — Ty
~ NNT(mre.) AUPEC” >~
S L0,
I I I I I I
0.0 0.2 0.4 06 0.8 1.0



572 VALUE IN HEALTH

Qini curve for the prediction-based intervention for fall
prevention of the American Geriatrics Society/British Geriatrics
Society (AGS/BGS). The coverage (Co) is the fraction of the older
population targeted with a multifactorial fall risk assessment and
tailored intervention. The disutility (D) is the fraction of individuals
who fall at least once a year. The fall risk model is a screening
algorithm comprising different items, including the TUG test. The
solid black line corresponds to the policy using the AGS/BGS
screening algorithm for different thresholds on the TUG test. The
asterisk corresponds to a threshold of 13.5 seconds
((AGS/BGS,*13.5s)). The number needed to treat (NNT) for the
intervention-on-everyone policy (mq) is 32.2; the NNT for m(AGS/
BGS,*13.5s) is 16.9. ACo and AD indicate the difference in coverage
and disutility between w(AGS/BGS,*13.5s) and 2 random policies
having, respectively, the same disutility and coverage of m(AGS/
BGS,*13.5s) (horizontal and vertical gray solid lines).

Figure modified from 33 according to the Creative Commons
Attribution 4.0 International License (http://creativecommons.org/
licenses/by/4.0/).

) AC0=17%
AD=0.5%
NNT(r1)=32.2

e ¢
s NNT(racsos, 1350)=16.9

I I I T T T
0.0 0.2 0.4 0.6 0.8 1.0

D (fallers/year)
0.110 0120 0.130 0.140

Co (targeted individuals)

coverage (Ags/acs13.55,r)Co = 17% individuals), which is connected
to reduced costs for prevention, and an increased efficiency of
the intervention (NNTacs/pgs13.55 =16.9 vs. NNT,, = 32.2).

We show an example of the Qini methodology for risk models
using randomized data considering the Insulin Resistance Inter-
vention After Stroke study, a randomized controlled trial that
aimed to test the efficacy of an insulin sensitizer, pioglitazone, for
secondary prevention of cardiovascular events.*” In the Insulin
Resistance Intervention After Stroke study, they included 3876
participants with a recent history of ischemic stroke or transient
ischemic attack, with insulin resistance, and without diabetes
(target population Q): 1939 participants were assigned to piogli-
tazone and 1937 to placebo. The study demonstrated that piogli-
tazone (intervention w) is effective in reducing the risk of
recurring cardiovascular events after 5 years but at the expense of
causing side effects. Of these, the most concerning were bone
fractures. For this reason, Viscoli et al*® developed a predictive
model (f) for the 5-year risk of bone fractures and proposed to
supply pioglitazone therapy only to those at low risk (prediction-
and-intervention policy ).

We consider 2 health outcomes: the occurrence of cardiovas-
cular events (stroke or myocardial infarction, Y.,) and the occur-
rence of bone fracture (Yjocure) in @ 5-year observation period.
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Qini curves for prevention of secondary cardiovascular
events with pioglitazone on individuals at low risk of bone
fracture. The coverage (Co) represents the fraction of the
population (nondiabetic patients with a recent history of
cardiovascular events and with insulin resistance) targeted with
pioglitazone for prevention of secondary cardiovascular events.
The disutility (D) represents the fraction of individuals who incur a
secondary stroke or myocardial infarction (MI) (orange curves) or
bone fracture (blue curves) in a 5-year observation period. The
prediction-and-intervention policy (solid lines) consists of treating
with pioglitazone those at low risk of bone fracture, according to
the bone fracture risk model by Viscoli et al.*® The asterisk
and the dotted vertical line indicate the cutoff for the lowest
tertile for the risk of fracture. The random policy is represented
with dashed lines. As coverage with pioglitazone increases,
secondary cardiovascular events drop from 11.9% to 9.1%,
whereas bone fractures rise from 7.5% to 11.2%. The prediction-
and-intervention policy produces a reduction of bone fractures
with respect to a random policy with the same coverage (8.2% vs
8.8%, AD(fract) = 0.6%).

(9
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n S |

© ADsaet. ’_ —— Fracture

S o H —— Stroke or Ml
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0.0 0.2 04 0.6 0.8 1.0
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Consistently, we evaluate the policy =, looking at two Qini curves
for the 2 disutilities D¢, and Dgacture-

The Qini curves (Fig. 4) show that by increasing the coverage of
pioglitazone from 0% to 100% in the eligible population, the 5-year
risk of cardiovascular events (stroke and myocardial infarction)
drops from 11.9% to 9.1%, whereas the risk of bone fractures rises
from 7.5% to 11.2%. The prediction model is used to spare high-risk
individuals from receiving a therapy that could exacerbate their
fracture risk (ROC curve; see Appendix Fig. 2 in Supplemental
Materials). For example, identifying those in the lowest risk ter-
tile t entails reduced cardiovascular events with respect to the
treat-none policy (D, (ms;) = 11.3% vs Dg,(mp) = 11.9%) but also
reduced fractures with respect to the treat-everyone policy
(Dfracture () = 8.2% VS Dyrgcrure(m1) = 11.2%) and a random policy
with the same coverage (8.2% vs 8.8%, A s rDfracture = 0.6%).

The Qini analysis that we have presented in this article is a
method for estimating the impact of a risk predictive model used in
combination with an intervention strategy before real-world
implementation. Although Qini curves are currently used for
treatment benefit predictive models, we have presented a meth-
odology for deriving these curves also for risk predictive models,
which are more common in the literature and in clinical practice.


http://creativecommons.org/licenses/by/4.0/
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The risk predictive model was intended as either diagnostic or
prognostic, and accordingly, the intervention was thought to be
therapeutic or preventive.

We chose coverage and disutility to capture essential impact
dimensions at a population level® and analyze the trade-offs in-
side the problem that the prediction-and-intervention policy aims
to optimize. In the first example that we have presented, the
prediction-and-intervention policy was intended to prevent falls
(ie, reduce the disutility) while limiting the preventive interven-
tion only to the subgroup of high-fall-risk individuals (ie, limiting
the coverage). The disutility was directly defined as the fall inci-
dence, whereas the coverage determines the healthcare resources
that are needed to implement the preventive intervention.>>“° In
the second example, the 2 conflicting objectives were reducing the
risk of secondary cardiovascular events while keeping bone frac-
tures to a minimum. Accordingly, we defined 2 disutilities for the
2 clinical outcomes. We used the coverage (the fraction of in-
dividuals treated with pioglitazone) to highlight the trade-off
between the 2 disutilities and show the advantages of the pre-
dictive model for fractures. Taken together, coverage and disutility
form a plane that mirrors the cost-disutility plane used in health
technology assessment.”!

Although coverage and disutility are the endpoints of the Qini
analysis, the inputs are 3 drivers of value, namely, the prevalence
of the targeted disease, the performance of the predictive model,
and the effectiveness of the available intervention.?® Inputs and
outputs are linked with a simple analytical model that supports
theory-based evaluation.*?

Input drivers of value can be derived from different data sources.
In the first example, we derived the predictive performance of the
risk predictive model and the disease incidence under the no
intervention policy from observational data. The effectiveness of the
intervention was taken from the literature and was used for the
Qini analysis under the assumption of homogeneous treatment
effects. In the second example, the experimental data were suffi-
cient to run the analysis without additional information sources or
assumptions on homogeneous treatment effects.

From a graphical point of view, Qini curves aim to parallel ROC
curves, the latter being used for assessing the predictive perfor-
mance of a risk predictive model, whereas the former is used for
estimating its potential impact. In the Qini plane, we highlighted 3
possible measures of value based on linear distances (ACo and
AD), angles (NNT), and areas (AUPEC). ACo and AD are often used
in health technology assessment, NNT is a classical population
metric to express the efficiency of an intervention, and AUPEC is a
summary indicator of the efficiency of a prediction-and-
intervention policy over different risk thresholds.?*2®

We used closed-form algebraic formulas, graphical methods,
and minimal external sources of data other than those used for
developing the predictive model itself. Given the high number of
risk predictive models and the low number of those that progress
along the evaluation phases, the technical simplicity of performing
Qini analyses is intended to induce more predictive models to be
evaluated for their potential impact at an early stage.

For the sake of simplicity, we did not explicitly model many factors
that characterize the complexity of interventions based on predictive
models. For example, our analysis does not explicitly consider issues
of usability of the predictive model, transferability of evidence results
from studies in clinical practice, or other sociotechnical translational
issues that deserve attention in later stages of the evaluation pro-
cess.>*344 Remarkably, costs were also not included explicitly but can
be easily estimated downstream using coverage and disutility esti-
mates. Finally, we focused on 3 elementary policies as comparators:
the intervention-on-none, the intervention-on-everyone, and the
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random policies. However, according to the decision problem at
hand, it may be necessary to identify and operationalize more com-
plex standard of care pathways.*®

Qini analysis can be used for evaluating the potential impact of
a risk predictive model used in combination with a therapeutic or
preventive intervention. It can be performed using simple closed-
form formulas and focuses on population impact measures. Its
simplicity aims at encouraging early impact assessment of pre-
dictive models in medicine.
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