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Motivation Relationship between AP and AUC Asymptotic Variance of AP

Early detection of disease in its asymptomatic stage could greatly Continuous framework: In order to use AP as an evaluation metric, we need to know its variance.

enhance the likelihood of cure. For example, routine breast, prostate If we approximate the hit curve by a quasi-concave curve and let £ be the initial The data in each row of Table 1 follows a multinomial distribution, and

and colon cancer screening for certain age groups are recommended by true positive rate of the underlying test, we can show that the two multinomial distributions are independent given 1, the

medical experts in North America. The objective of medical screening AP(h) = B x AUC(h), proportion of diseased subject. Therefore, the log-likelihood function is

tests is to detect from the underlying population the diseased where AP (h) and AUC (h) are re-scaled to lie between 0 and 1 for any hit (or K K

asymptomatic subjects who make up a very small proportion (typically < ROC) curve h. Cpr, qp, ™) = sz log pp. + Z Zrlog qr + [nqlogm + (n—nq)log(1 — )],

0.5%). Because the false positive results from screening is considered This approximation implies that if two medical screening tests have the same k=1 k=1

one major harm of this type of tests!, the ability to identify diseased AUC, then the AP will “reward extra points” to the one with the larger £, i.e. AP subject to the constraints

subjects with minimal false positive findings should be an important places more emphasis on the initial part of the hit (ROC) curve. K K

consideration when performance of a screening test is evaluated. 2 pr =1 and 2 qr = 1,

Discrete framework: | _ =1 et |

In practice, the Receiver Operating Characteristic (ROC) curve has been A radiology screening test typically generates ordinal test results, which use APls a fur.1ct|or? of these parameters, I.e. AP =1(pj, g, T). We obtain the

the primary performance measure for medical tests including the categories such as highly suspicious, possibly malignant, possibly benign, etc. asymptotic variance of AP by using the dfli method,

screening tests. The Area Under the ROC Curve (AUC) provides a single We consider the setup with a multinomial distribution as described in Table 1. | Yar(AP) =WV,

numerical summary of the ROC curve, thus is used as the basis of where J is the expected information matrix.

inferential statistics for comparing ROC curves. We introduce here a Table 1: A screening/diagnostic test partitions n subjects into K groups (K

performance measure called Average Precision (AP) as it emphasizes distinct scores). The broken bars (}) indicates the case where all those with Examples o

more on early detection. AP is a summary measure of the so-called hit scores > x, are declared to be test positive (class 1), while all those with scores < Continuous score for potential biomarkers: a case-control study (r=0.5)

curve, which is analogous to ROC curve. X, are declared to be test negative (class-0). Figure 3: AP vs. AUC of the top 15 potential biomarkers for prostate

cancer.
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Blomarker Concentration e B ___imig & 2l lBlin = We see that AP and AUC rank the biomarkers differently.
Using a threshold c, the hit curve plots P(X>c, Y=1) vs. P(X>c), and the ROC ! i !,
plots true positive fraction P(X>c|Y=1) vs. false positive fraction P(X>c|Y=0) _ iw' [ﬁ] ) 1(&) Ordinal score for a screening test (t=0.00784)
1 k

for the entire set of thresholds. | 2\ng Table 2: The film vs. digital mammography for breast cancer screening?

Notations: r = P(X>c), the hit function h(r) =P(X>c, Y=1), and the proportion of Th.e.se weights, Wka?nd w’, z.:ugain show Fhat AP Places an emphasis on the Breast cancer diagnosis Malignancy scores

diseased subjects t=P(Y=1) ability of a test to give the diseased subjects a high score. (455 day follow-up) AUC (s.e.) AP (s.e.)

ROC curve Figure 1: Weights for AP and AUC in a simulated example. The F|.In.1 mammography 0.735 (0.012) 0.166 (0.017)
1 @1 concentration of markers A and B in healthy subjects ~ N(0,1), the Digital mammography 0.753 (0.012) 0.144 (0.018)
it curve I "| concentration of markers A and B in diseased subjects ~ N(1, 1) and ] ]
srestmem N(0.25, 1), respectively. The proportion of diseased (1) subjects is 0.1. Discussion:

e (m 2w (. . * Among tests that have similar AUCs, the test that finds the largest
_ ! Perfect biomarker i X Typical biomarker proportion of diseased subjects with minimal false positives in the
n ITypical biomarker > ' 24 early part of the hit (ROC) curve will have the highest AP. It is
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A _ S .-* Uninformative biomarker S AP_markerB consistent with the goal of screening. Therefore, AP is a more
> .-+ Grinformative biomarker E 3 - e T AUC_marker A&B relevant performance measure for a screening test than the AUC.
= =
= 1| s * AUCis Pr(X, > Xp | a randomly selected pair of diseased and healthy
| r=P(X>c) 5 subjects), where X,and X5 are the test scores for the diseased and
0 1 i healthy subjects in the randomly selected pai vely. It
Lh(r) h(r) 1 [ h(r) EPR = P(Xoc[Y=0) = r—h(r) 3 ealthy subjects in the randomly selected pair, respectively. It is a
AP & f d — —J ——=dh(r) 1-m conditional probability, and ignores an important parameter i, the
o T T )y T _ _ . . . . . . .
Lh(r) T — h(r) 1 1 2 x proportion of diseased subjects in the asymptomatic population.
AUC = —d ] = -7 h(r)dr — >
o T - n(1—m)[Jo : o * The relative small numerical value of AP for a screening test (Example

AP is the precision (i.e. P(Y=1 | X>c)) averaged over the entire hit curve, oo 02 o4 o8 o8 10 2) is advantageous. Large values of AUC give clinicians and patients a

which takes value between [=, 1]. =P(0) false sense of accuracy of the test results, which aggravates the harm
AUC is the area under the ROC curve, which takes value between [0.5, 1]. By the simulation design, marker A is better than marker B for of a screening test.? Thus, the relative small valued single summary
detecting the diseased subjects. Figure 1 shows that unlike AUC, mez;\sure AP ofters a useiul alternative to summarize the test
the weights of AP favors marker A. Thus, AP favors marker A PENOrMance.
more than AUC does.
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