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eAppendix 1. Bayesian Statistical Analysis 

Imaging studies of metastatic prostate cancer are challenged by the presence of large 

numbers of lesions, of which only a small number can be biopsied. This not only precludes the 

use of traditional metrics of diagnostic accuracy such as sensitivity, specificity, and predictive 

values, but also entails a method to project the information from the biopsied lesions to the 

unbiopsied ones to obtain statistically reliable estimates for clinically relevant quantities—e.g., 

the number of cancers found in a study. The Bayesian approach is ideally suited for this purpose 

since it allows the integration of information from various sources. Specifically, our Bayesian 

approach uses a sequential approach to the accumulation of information on a cancerous lesion. 

To formalize this line of thinking, we denote by θ the probability that an imaged lesion is 

cancerous. Prior to the study, when we did not image any patients and did not obtain biopsy 

confirmation on some of the lesions, we did not have any information on what the value of θ 

might be other than the fact that it must be between 0 and 1. This lack of information can be 

represented by the following distribution (eFig. 1), which is also known as a uniform distribution 

or a beta distribution with parameters 1 and 1: 

 

eFigure 1. A Priori Beta Distribution (see discussion in text).  
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This distribution tells us that θ can take on any value between 0 and 1 with equal 

likelihood and any two intervals between 0 and 1 are equally likely to contain θ. This is why it is 

an appropriate tool to represent the lack of information on θ. We will denote this distribution by 

P(θ).  

The first pieces of information we have from the trial are the number of biopsied lesions 

(denoted by m) and the number of cancerous ones among them (denoted by X). We can now use 

the Bayes theorem to update our information on θ: 

P(θ|X, m) =  P(X| θ, m) P(θ) / ∫ P(X| θ, m) P(θ) dθ 

In this equation, “|” stands for “conditional on” or “given that we observed.” The 

fundamental premise is that we start with P(θ), observe X (which itself depends on θ as well as 

m), and update our knowledge about θ from P(θ) to P(θ|X, m). The information we learn from X 

is represented by P(X|θ, m) and sometimes referred to as the likelihood function. P(θ) is called 

the prior distribution since it represents the information prior to observing X, and P(θ|X, m) is 

called the posterior distribution since it represents the information after X is observed. The 

denominator on the right-hand side involving an integral may look complicated, but for 

conceptual purposes only plays the role of ensuring that P(θ|X, m) is a proper probability 

distribution, i.e., all the probabilities add to 1.  

Using the soft tissue FDHT data as an example where all 42 of the biopsied sites had 

cancer, we can use the Bayes theorem as follows: X=m=42 and P(θ) is a uniform distribution. 

The information from the 42 biopsies translates the uniform distribution to that shown in eFigure 

2, which is a beta distribution with parameters 41 and 1: 
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eFigure 2. A Posteriori Best Estimate for Biopsy Sites That Are Cancer. 

 

These parameters are found by adding the parameters of the uniform distribution to the 

number of positive (X) and number of negative sites (m - X) among the biopsied ones. Notice 

that this distribution appropriately reflects the change in the way we see θ after observing a high 

rate of positivity among the biopsied sites. Values below 0.85 are considered extremely unlikely 

and the distribution peaks at 1. We can make these calculations very precise—e.g., the 

probability that θ < 0.85 can be calculated to be 0.0007 and the mean of the distribution is 41/42 

= 0.976, which serves as our best guess for θ. But it also reflects the uncertainty that remains due 

to the relatively small number of sites biopsied. For example, the probability that θ<0.95 is 0.10, 

although all the biopsied sites were positive for cancer, we still cannot rule out the possibility 

that there is more than a 5% chance that an image-positive lesion will not be cancerous. 

The Bayes theorem also provides us with a tool to calculate the expected number of 

cancerous sites among the unbiopsied sites. If we denote by n the number of unbiopsied sites and 

by Y the (unknown) number of cancerous sites among them, then we can write: 
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P(Y| X, m) = ∫ P(Y | θ) P(θ| X, m) dθ 

The term on the left-hand side is called the predictive distribution of Y; since it is 

unobserved, we are trying to predict what it might be. We do not want this prediction to be 

conditional on θ—we only want to depend on X and m, our only data points, and this is why θ is 

integrated out of the posterior distribution. In this setting, the predictive distribution turns out to 

be a beta-binomial distribution. In our case, the distribution of the number of cancerous lesions 

among the 2,059 unbiopsied sites now looks like this (eFig. 3): 

 

eFigure 3. Best Estimate for Total Number of Lesions That Are Cancer, Among the Unbiopsied Sites 

 

Although it looks like the posterior distribution, this is not a distribution for θ, but for Y, 

the number of cancerous lesions among the unbiopsied sites. Just as with the posterior 

distribution, the predictive distribution is also useful for calculating numbers such as the 

expected number of cancerous lesions, which is 2,014, the probability that at least 2,000 of the 

sites are cancer, which turns out to be 73%.  
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Since the posterior distribution combines the information from both biopsied and 

unbiopsied sites, it can also be used to obtain interval estimates for the estimates we mentioned. 

Mathematically speaking, we need an interval such that the area under the distribution adds up to 

95%: 

∫A P(θ|X, m) =  0.95 

In this equation, A represents the interval over which the posterior distribution will be 

integrated to calculate the probability. Many such intervals exist, so we prefer to find the shortest 

one. It turns out that there is no direct way of finding such an interval other than an exhaustive 

search. However, if we search for an interval where the posterior density is higher for all points 

inside the interval than those outside, we obtain an interval called the highest posterior density 

(HPD) interval, which is usually a good approximation to the shortest interval.  

We will demonstrate the calculation of intervals for the proportions of tumors with non-

detectable glycolytic energy source (no FDG uptake), those that have no detectable androgen 

receptor (no FDHT uptake), and those that are neither. Among the biopsied tumors, we collected 

the data presented in eTable 3 (see also eFig. 4). 
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eFigure 4. Best Estimates for Tumors That Have Both Detectable AR and Glyc: ~83.1%, with HPD interval 
extending from 81.1-85.0% (A); for lesions that do not have a detectable glycolysis: ~13.4%, with HPD interval 
extending from 12.0% to 14.6% (B); and tumors for which androgen receptor is not detectable: ~3.5%, with HPD 
interval extending from 1.8% to 5.2% (C).  

 
 
 

Percentage of AR1Glyc1        
(concordant) lesions 

Percentage of AR1Glyc0                 
(AR-only) lesions 

Percentage of AR0Glyc1                 
(Glyc-only) lesions 
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eFigure 5. Summary Distribution of Metabolically Active Lesions by Regional Site. As expected in the mCRPC 
setting, the lesions are predominantly located in bone and lymph nodes. Median SUVmax values are robust for both 
tracers, but were higher on F18-FDHT PET than F18-FDG PET at all sites, with the exception of the lung.   
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eFigure 6. Correlation of F18-FDG and F18-FDHT SUVmax on a Lesion-by-Lesion Basis. Blue dots represent 
individual lesions imaged quantitatively. Note the large spread in SUVmax for both radiotracers, and the absence of 
background correction. There is only a weak correlation between F18-FDG and F18-FDHT, suggesting that the 
biochemical processes are predominantly independent. 
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p-values 

 
FDG- 

predominant 
FDHT- 

predominant 
Mixed 

Concordant 0.24 0.19 0.16 

FDG-
predominant 

NA 0.02 0.02 

FDHT-
 predominant 

NA NA 0.80 

 

 

eFigure 7. Median PSA per Imaging Phenotype Grouping (Left) With Corresponding P-Values (right). FDG 
predominant has significantly lower PSA than other groups. 
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eFigure 8. Kaplan-Meier Estimated Survival Probabilities for the Four Imaging Phenotype Groups.  
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eFigure 9. Quantitative Imaging Correlates With Prostate Cancer-Positive Biopsies Obtained By PET Image 
Guidance for bone (A) and soft tissue tumor sites (B). This shows that the range of SUVs in the biopsied samples is 
representative of the entire population of lesions, with respect to SUV (see eFig. 6). 

 

  

A 

B 
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eTable 1. Patient Demographics (N = 133)   

Variable # of patients* Median Range 

Age, years 133 68 44 to 85 

Gleason score 131 8 6 to 10 

Karnofsky Performance Status, % 131 90 70 to 90 

Prostate-specific antigen, ng/mL 133 42.72 0.05 to 1477 

Hemoglobin, g/dL 133   12.4 2 to 15.6 

Lactate dehydrogenase, U/L 129 209 109 to 1404 

Alkaline phosphatase, U/L 133 90 35 to 2148 

Albumin, g/dL 133   4.3 3.2 to 5.0 

No. prior hormonal treatments No. % 

1 30 22.6 

2 45 33.8 

3 33 24.8 

>3 23 17.3 

Previous chemotherapy 68 51.1 

Previous immunotherapy  15 11.3   
Post-baseline scan therapy  

AR-directed therapy 61 45.9 

Chemotherapy 1 0.8 

Immunotherapy 2 1.5 

Investigational/clinical trial 48 36.1 

Radiation therapy 5 3.6 

Other therapy 6 4.5 

No treatment 10 7.5 

Status at end of follow-up period 
 

 
 

Living 7 5.26 

Deceased 123 92.48 

Lost to follow-up 3 2.26 
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 Min.  1st Qu.  Median Mean  3rd Qu.  Max.  
Concordant 1.00  1.75  5.50  9.701  15.00  36.00  
FDG-predominant 1.00  5.00  11.00  16.92  25.00  59.00  
FDHT-predominant 3.00  6.00  22.00  23.70  36.00  61.00  
Mixed 6.00  12.25  21.50  23.12  29.00  53.00  

 
p-values 

 Concordant FDG-predominant FDHT-predominant 
FDG-predominant 0.01   

FDHT-predominant < 0.001 0.08  
Mixed < 0.001 0.03 0.74 

 
Concordant vs. all other groups 

 Min.  1st Qu.  Median Mean  3rd Qu.  Max.  
Concordant 1.00  1.75  5.50  9.701  15.00  36.00  
Not concordant 1.00  6.00  19.00  20.81  30.50  61.00  

eTable 2. Statistical Comparison of Concordant Patient Group With Other Patient Groups in Terms of Lesion 
Number. The concordant group has fewer lesions, with a high probability of p<0.001. 
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BIOPSIES (N = 57) 

F18-FDG F18-FDHT PCA total Non-PCA total
Positive  Positive 42 0 
Positive  Negative  6 5* 
Negative Positive  0 0 
Negative  Negative 0 4 

TOTALS 48 9 
PCA = prostate cancer; *3 were non-prostatic primary, 1 was inflammation (maxillary sinus polyp), and 1 was benign (lung nodule).

eTable 3. Biopsy Results. 
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FDG FDHT Biopsied Cancer Total number 
of lesions 

Bayesian estimate of total 
number of cancers 

95% Bayesian 
interval 

Glyc1 AR1 42 42 1713 1674 1571 - 1712 

Glyc1 AR0 11 6 306 165** 83 - 243 

Glyc1 or Glyc0 AR1 42 42 2099 2051 1925 - 2098 

** Includes all sites, both biopsied and unbiopsied for imaging phenotype. 

eTable 4. A Total of 2,405 Metabolizing Lesions Were Observed, of which 2,216 were estimated to be cancer (9% 
less than the total number of metabolizing lesions seen).  
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eAppendix 2. Special Features of Study Design 

Strengths of this study include the prospective nature of the study design, the long-term follow-

up (almost two years for censored subjects), and the fact that 123 of the 133 were followed up to 

death (Fig. 1).  

The study was facilitated by an analysis platform and software that we co-developed with 

General Electric Medical Systems, PET VCAR. This methodology allowed us to assay all the 

metabolically active lesions in each patient admitted to the study cohort and to compare F18-

FDG and F18-FDHT on a site-by-site basis using a novel fiduciary system that employs the 

companion CT scan of the PET/CT.1 PET VCAR also facilitated image-guided biopsy in 51/133 

patients. We employed Bayesian methods to obtain best estimates for imaging performance in 

the entire group of lesions, incorporating the biopsy results as prior data.  
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eFigure 10. Homologous Competitive Binding of [18F]FDHT in LNCaP Cells demonstrating an IC50 of 3nM (A); 
effect of FDHT (non-radioactive) on the nuclear localization of an AR-GFP chimera (green) transfected into PC3 
cells, which are normally AR-deficient (B). The nuclei are stained with DAPI (blue). As the concentration of 
androgen is increased, the AR-GFP (normally cytosolic) is activated and localizes to the nucleus and co-localizes 
with DAPI. A 3 nM dose of FDHT (near IC50) is fully capable of pharmacological activation of AR. A 5 pM dose (a 
tracer dose far below pharmaceutical levels) cannot induce AR nuclear localization (the AR-GFP chimera is 
cytosolic). 

 

F18-FDHT was developed through a collaboration between Katzenellenbogen and 

Welch2-4 (see eFig. 6). We have reported on the radiopharmacology in CRPC patients in prior 

studies; active F18-FDHT is rapidly cleared from the blood with a half-time of ~10 minutes.5 
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Radiolabeled metabolites are produced in the liver and excreted into the gut, but also non-AR 

binding metabolites circulate in a protein-bound form for prolonged periods of time in the blood. 

The ability to detect an active hormone receptor like AR through an imaging test is remarkable in 

itself, and FDHT pharmacology has fortunate features that make it quite valuable as a 

pharmacologic probe. First, it is fortunate that the metabolites do not interact with AR. Also, the 

low nanomolar affinity of FDHT as a binder to AR permits detecting a few thousand molecules 

at the cellular level. We have found that FDHT is an agonist, but that at the levels of localization 

in vivo, it is a true tracer in the sense of not exhibiting a key pharmacologic effect— namely 

transferring AR into the nucleus where it will interact with DNA (eFig. 10). F18-FDHT imaging 

requires careful attention to patient preparation to ensure that the patient is castrate at the time of 

imaging, with DHT levels < 50 pmoles/dl since competition with endogenous androgen will 

suppress uptake of the radiotracer. We have exploited these properties of F18-FDHT and applied 

them to the study of AR-targeted drugs such as enzalutamide6 to document engagement with the 

target in vivo in patients, and also with apalutamide7 to predict pharmacologically relevant 

dosing schedules that saturate the AR. Interestingly, among the tracer-avid lesions, only a very 

weak correlation is observed (r2 = 0.001) with FDG/FDHT quantitative uptake (eFig. 5). 

F18-FDG is the most widely used PET radiotracer in oncology for staging and 

monitoring treatment response. The current understanding, based on pathway activation studies, 

is that F18-FDG uptake is driven by glycolysis.8 In prostate cancer, F18-FDG uptake tends to be 

greatest in more aggressive and metastatic tumors. Nonetheless, F18-FDG uptake is also highly 

responsive to hormonal suppression and is often negative in primary tumors, especially those 

with a low Gleason score, in hormonally responsive patients. Here, we applied F18-FDG in 

advanced tumors and documented that uptake levels (as shown in SUVmax values) are inversely 
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correlated with prognosis, which we have seen in other CRPC cohorts.9 We have also shown the 

utility of F18-FDG for monitoring treatment response in prostate cancer.10  
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