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Take-home points
• �The effects of a diagnostic method, such as an 

artificial intelligence (AI) model, on patient 
outcomes cannot be determined by analyzing 
performance metrics (such as the area under the 
receiver operating characteristic curve, sensitivity, 
specificity, or the Youden index) alone.

• �Two diagnostic methods can be compared more 
holistically in relation to patient outcomes 
using an equation, Δsensitivity x prevalence + 
Δspecificity x (1 - prevalence) x false positive (FP)-
to-true positive (TP) outcome ratio, derived using 
the definition of the net benefit in the decision 
curve analysis, where the “FP-to-TP outcome ratio” 
is the ratio between the absolute amounts of net 
loss in patient outcomes incurred by an FP decision 
instead of leaving the patient alone and the net 
outcome gain provided by a TP decision compared 
with neglecting the disease in the patient.

• �The equation can be useful for a preliminary 
estimation of the effects of a diagnostic method, 
such as AI, on patient outcomes when direct data 
are not available.
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Studies comparing diagnostic methods often use 
performance metrics, such as the area under the receiver 
operating characteristic curve (AUROC), sensitivity, specificity, 
and Youden index (sensitivity + specificity - 1), to determine 
the superiority of one method over another. Recently, this 
trend has been observed frequently, particularly in studies 
on artificial intelligence (AI) models. For example, studies 
often present higher numerical values in performance 
metrics to substantiate the superiority of AI-assisted 
practice over conventional practice without AI assistance. 
However, these performance metrics are limited. First, the 
AUROC is a measure of the average performance across all 
possible ranges of thresholds applied to continuous raw 
AI outputs. However, clinical decisions are categorical 
and typically binary, such as the presence or absence of a 
target disease. Therefore, the AUROC may not represent the 
accuracy of AI at a particular threshold during actual use 
[1-3]. Second, sensitivity and specificity do not consider 
disease prevalence; therefore, they do not address the 
actual number of patients who are positively or negatively 
affected. For example, a 5% increase in sensitivity and a 
0.5% decrease in specificity with AI assistance translates 
to ten additional true positive (TP) decisions for one 
additional false positive (FP) decision when the prevalence 
is 50%. However, if the disease prevalence is 5%, the same 
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changes in sensitivity and specificity indicate additional 
TP decisions at the cost of approximately twice as many 
additional FP decisions, which is very different from the 
viewpoint of patient outcomes. Third, performance metrics 
do not consider the magnitude of patient benefits and harm 
caused by TP and FP decisions.

In this article, we used an equation derived from the 
definition of the net benefit of a prediction model adopted 
in the decision curve analysis [4] to explain how prevalence 
and benefits and harm rendered by TP and FP decisions 
affect patient outcomes when comparing two diagnostic 
methods. In addition, we created a web-based graphic 
tool for the visualization of the equation (https://aim-
aicro.com/software/performancetooutcome). We have 
used a comparison between AI-assisted and conventional 
diagnoses as an example to familiarize AI researchers. 
However, these explanations are applicable for comparisons 
between any two diagnostic methods. The explanations 
in this article are applicable when the sensitivity and 
specificity values are known. Therefore, the selection of 
optimal thresholds to convert continuous raw AI output 
into categorical decisions was not the focus of this article, 
which can be found elsewhere [5,6].

Derivation of the Equation

As shown in Figure 1, we designated the ultimate patient 
outcomes associated with TP, FP, false negative (FN), and 
true negative (TN) decisions as a, b, c, and d in a simple 
decision tree in the same manner as the decision curve 
analysis [4]. Suppose a comparison exists between AI-
assisted and conventional diagnoses in n patients. If we 
designate the changes between AI-assisted and conventional 
diagnoses as Δ (= AI-assisted diagnosis - conventional 
diagnosis), the changes in the numbers of TP, FP, FN, and TN 
can be written as follows:

ΔTP = -ΔFN = Δsensitivity x n x prevalence	   Eq. (1)
ΔTN = -ΔFP = Δspecificity x n x (1 - prevalence)	  Eq. (2)

Using AI, ΔTP patients (alternatively, -ΔFN patients) will 
have outcome a instead of c, and ΔTN patients (alternatively, 
-ΔFP patients) will have outcome d instead of b (Fig. 2). 
Therefore, the expected change in the patient outcome 
after the use of AI compared with conventional diagnosis 
becomes the sum of ΔTP x (a - c) (alternatively, -ΔFN x 
[a - c]) and ΔTN x (d - b) (alternatively, -ΔFP x [d - b]) 
and can be written as “ΔTP x (a – c) - ΔFP x (d - b)” using 
ΔTP and ΔFP. In addition, if the use of AI causes direct 
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Fig. 1. Decision tree for patient management following a diagnostic decision. Preventative and therapeutic actions may result in both 
benefits and harm. The overall patient outcome, denoted as a, b, c, and d, is the sum of all elements of benefits and harm. For example, 
effective preventative or therapeutic actions that follow true positive (TP) decisions would create substantially greater benefits (i.e., 
intended preventative or therapeutic effects) than harmful elements (i.e., adverse effects of such actions). In contrast, preventative 
or therapeutic actions that follow false positive (FP) decisions would mostly create harmful elements (such as adverse effects caused 
by unnecessary treatments, workups, or follow-ups) and, if any, minor incidental benefit elements (such as the incidental discovery of 
unrelated significant diseases during the workup). FN = false negative, TN = true negative
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harm to a patient, direct AI harm must also be considered 
[4]. Direct AI harm differs from the indirect harm caused 
by an FP decision, which is already included in b, such as 
adverse effects caused by unnecessary workup, follow-up, 
or treatment. Because AI software tools only analyze data 
obtained during patient care, we can disregard direct AI 
harm in AI-assisted diagnoses.

We can then make the equation agnostic of the number of 
patients by dividing it by the total number of patients, n, 
and pull out (a - c) to the front as follows:

(a - c) x (ΔTP
n

 - ΔFP
n

 x (d - b)
(a - c) )

If we are only interested in determining whether the patient 
outcome change is positive or negative with the use of AI, 
instead of determining the quantity of outcome change, we 
can drop (a - c) at the beginning of the equation as follows:

ΔTP
n

 - ΔFP
n

 x 
(d - b)
(a - c)

This equation is essentially the same as the equation for 
the net benefit as described in the decision curve analysis, 
except that the (d - b)

(a - c)
 part is written using the “threshold 

probability” in the decision curve analysis [4,7].
We may assume that a (outcome for a TP) is better than 

c (outcome for an FN) and that d (outcome for a TN) is 
better than b (outcome for an FP); (a - c) and (d - b) have 
positive numerical values. Therefore, (d - b) and (a - c) 
represent the absolute amounts of net loss in the patient 
outcome incurred by an FP decision instead of leaving 
the patient alone and the net outcome gain provided by 
a TP decision compared to neglecting the disease in the 
patient, respectively, with (d - b)

(a - c)
 as the ratio. Taking the 

surveillance of hepatocellular carcinoma as an example, 
an FP decision mostly causes harm compared to leaving 
the patient alone, including the negative consequences 
of unnecessary follow-up imaging tests (such as adverse 
effects from contrast agents, radiation exposure, and 
waste of time and money), harm from any invasive 
procedures that may follow (such as liver biopsy), harm 
from unnecessary treatments, and emotional distress. There 
could be a slight theoretical benefit from an FP decision, 
such as the incidental detection of unrelated significant 
diseases on follow-up tests. Thus, (d – b) represents the 
absolute amount that summarizes all the results expected in 
a single FP patient. Conversely, (a - c) is the summation of 
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Fig. 2. Patient outcome change based on changes in sensitivity and specificity, using the comparison between artificial intelligence (AI)-
assisted diagnosis and conventional diagnosis as an example. a, b, c, and d represent patient outcomes as defined in Figure 1. FN = false 
negative, TP = true positive, FP = false positive, TN = true negative

x c

x a



604

Park et al.

https://doi.org/10.3348/kjr.2023.0448 kjronline.org

all differences anticipated in a single TP patient compared 
to neglecting the diagnosis in the patient, consisting 
mostly of benefits from earlier diagnosis of the tumor, 
which may improve patient survival and make the patient 
eligible for less invasive treatments with less treatment-
related harm compared to later-stage diagnoses and small 
potential harm, such as adverse effects from treatments. An 
accurate estimation of these specific results without direct 
observation is difficult. However, a rough estimation of 
their relative ratio, (d - b)

(a - c)
, which we refer to as the “FP-to-TP 

outcome ratio,” might be more feasible.
The previous equation can be rewritten using Eq. (1) and 

Eq. (2) as follows:

net benefit

= ‌�
Δsensitivity x n x prevalence

n
 + 

   
Δspecificity x n x (1 - prevalence)

n
 x FP-to-TP outcome ratio‌

= ‌�Δsensitivity x prevalence + Δspecificity x 
(1 - prevalence) x FP-to-TP outcome ratio	 Eq. (3)

The positive and negative values calculated with the 
equation indicate the ultimate benefit or lack thereof, 
respectively, with the use of AI compared with conventional 
diagnosis.

Graphic Visualization
If the Δsensitivity and Δspecificity values for the use 

of a certain AI are available from primary research studies 
or their meta-analytic summaries, we can plot the net 
benefit against the prevalence and FP-to-TP outcome ratio 
using Eq. (3) (Fig. 3; a web-based program for generating 
the graph is available at https://aim-aicro.com/software/
performancetooutcome). It may be difficult to specify 
the disease prevalence and FP-to-TP outcome ratio in a 
clinical setting where one wants to apply the AI model. 
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Fig. 3. Graphic visualization of net benefit. This graph is a plot of the net benefit against the prevalence and false positive (FP)-to-
true positive (TP) outcome ratio, 

(d - b)
(a - c) , based on Eq. (3) for a hypothetical scenario in which a 5% increase in sensitivity and a 0.5% 

decrease in specificity were achieved using artificial intelligence (AI) assistance compared to conventional diagnosis. The red rectangular 
area indicates the net benefit values for using AI assistance based on the expected ranges of prevalence (5 to 10% as an example) and 
the FP-to-TP outcome ratio (0.05 to 0.15 as an example). When the red rectangular area is farther away from the zero plane (horizontal 
gray plane), compared with when close to it, greater confidence exists in the ultimate benefits of using AI assistance. The graph also 
presents a large tilted plane with a color gradation corresponding to the color-to-value scale provided on the right for reference. This 
plane illustrates the net benefit values across the entire range of both prevalence and the FP-to-TP outcome ratio. A web program for 
generating the graphs is available at https://aim-aicro.com/software/performancetooutcome.
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However, if their ranges can be determined at least roughly, 
the plot can be useful because it provides direct, albeit 
crude, information regarding the effects of the AI model 
on patient outcomes, which a comparison of performance 
metric values cannot provide.

Figure 3 presents an example plot for a hypothetical 
scenario in which the use of AI results in a 5% increase 
in sensitivity and a 0.5% decrease in specificity compared 
to conventional diagnosis. If the estimated net benefit is 
below the zero plane, the use of AI is not advantageous. 
When the net benefit values are substantially above the 
zero plane, greater confidence exists in the ultimate benefit 
of using AI than when they are near the zero plane.

CONCLUSION

This article explains how to compare two diagnostic 
methods more holistically from the perspective of patient 
outcomes beyond performance metrics. This can be useful 
for the preliminary estimation of the effects of an AI model 
on patient outcomes when direct data are unavailable. 
Nevertheless, the direct assessment of patient outcomes in 
clinical trials is important because diagnostic performance 
improvements do not guarantee improved patient outcomes 
for multiple reasons [8-10].
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