
 
 

The Illusion of Optimization 
— Dr. Zain Hakeem 

Abstract 
HE DESIRE TO OPTIMIZE HEALTH is rational. Modern medicine has improved diagnosis, 
extended lifespan, and reduced suffering. If treating disease works, it is reasonable to 

assume that intervening earlier, measuring more precisely, and adjusting more variables 
should work even better.  

We all know that standard medical practice feels incomplete. Visits are short. 
Explanations are thin.  Recommendations are tied to numbers that are rarely unpacked. 

It is completely natural, then, to want to take the things that standard medicine already 
does, including blood work, scans, and screening tests, and simply do more of it. The 
impulse is so natural that I cannot truly blame anyone for not understanding its flaws 
intuitively.  

Understanding the counter-intuitive truth that doing more and better tests must 
inevitably fail as a form of optimization, requires a significantly deeper level of study. That 
level of understanding unfortunately goes far beyond most doctors, let alone the general 
public. 

After all, standard medicine drifted toward metric-chasing long before influencer 
culture accelerated it. The medical profession has become beholden to the interests of 
insurance companies, exacerbating the challenge of caring for patients through lack of time, 
lack of explanation of reasoning, and arrogance in their emphasis on faithful adherence to 
national guidelines. Insurance companies reinforce this behavior by treating improvement 
in metrics as “quality”, regardless of the real science, or real patient outcomes. 

Surface problems are addressed, and deeper concerns dismissed. The bare minimum of 
function is considered the gold standard, and higher health aspirations are brushed aside. 

Into that gap has grown a rapidly expanding industry of “health optimization”, emerging 
at the intersection of digital influence, consumer biotechnology, and preventive medicine. 
This movement promotes the aggressive use of laboratory testing, “advanced” imaging, 
biometric tracking, and personalized protocols, with the stated aim of extending lifespan 
and enhancing long-term health. 

While these concepts are promoted as proactive, cutting-edge, and scientifically 
superior, their underlying logic relies on a style of reasoning called “quantified quackery”: 
any surrogate biomarker with an observational association and a plausible mechanism is 
treated as causation. “Improving” such markers is treated as definitive proof of 
improvement in outcomes, without any direct evidence that such is the case. The label 
“advanced” replaces any need for such outdated things as scientific evidence of clinical 
benefit. 
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The extensive dissection of biochemical mechanisms gives a veneer of scientific 
expertise, and even as they announce “correlation isn’t causation”, influencers nonetheless 
continue to promote correlative links and associations between biomarkers and risks.  

In doing this, influencers merely extended the flawed playbook of modern medical 
practice, removing the few remaining guardrails smuggled into guidelines by thoughtful 
scientists, despite the meddling of big pharma.  

In their correct perception of big pharma’s influence, and of medicine’s slow adoption of 
new information, influencers thought they could step in and make medical 
recommendations, without needing any of the experience that grants a license to practice, 
and without assuming any accountability for the consequences of their recommendations.  

Influencers implicitly promote their information as “more expert” than your physician, 
when in fact they are demonstrating nothing more than a Dunning-Kruger-style 
confidence, arising from the amateur’s failure to understand the true complexity of biology 
and treatment, including the extensive history of medical failures resulting from exactly 
their brand of “reasoning”.  

This document will expose exactly that failure by critically examining the scientific 
foundations of the optimization paradigm. Drawing on established principles from clinical 
epidemiology, including the limits of surrogate endpoints, measurement variability, 
regression to the mean, Bayesian reasoning, reference range construction, and 
overdiagnosis, this paper will dismantle the underlying model that turns biological 
storytelling into overconfident medical advice, whether licensed or unlicensed. 

Historical examples from medicine demonstrate that modifying biological markers does 
not reliably translate into reductions in morbidity or mortality, and that increased testing 
in low-risk populations predictably generates false positives, overdiagnosis, and net harm. 

This document will explain why the methods influencers promote can only ever provide 
the illusion of optimization, and why chasing these fairy-lights is a distraction from the true 
opportunity that lies in another direction.  

By sharply distinguishing between correlation and causation, measurement and 
meaning, detection and benefit, this document seeks to clarify what constitutes reliable 
proof of improved health and longevity. Only by maintaining rigorous outcome-based 
criteria can medicine avoid repeating historical errors and prevent the commercialization of 
statistical noise as scientific progress. 

The question that exposes the illusion is simple: what are your requirements for belief 
and disbelief? What are your standards of evidence that justify your decision to believe in a 
medical recommendation? For most people, without specific training, the answer ends up 
being “vibes”. Unfortunately, that can lead us astray.  

This document will deconstruct the ways in which “vibes”-based belief formation has led 
the health optimization movement astray. In my no-cost,  biweekly livestreamed lecture, 
“An Evening with Dr.Z”, I help you develop better standards of belief, and show what 
optimizations remain when those standards are enforced. 
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Marker / Outcome Decoupling 
Improving Metrics Does Not Imply Improving Outcomes 

HIS SECTION IS THE MOST IMPORTANT concept in this document. One of the key errors 
committed by health influencers (and frequently by standard medicine as well) is to 

confuse a metric with the disease process it represents. They assume that any intervention 
that modifies a metric will also improve the clinical outcome. 

In fact, medical history is a graveyard of interventions that successfully modified a key 
factor believed to be important to a disease, but resulted in no actual benefit (or even 
caused harm) to the patient. Changing a metric does not imply, even slightly, a change in 
the outcome[1]. The improvement in outcome must be proven separately, in its own 
randomized controlled trial (RCT)[2], [3]. 

It is not enough to prove, for instance, 
that an angiotensin receptor blocker 
(ARB) medication lowers blood pressure. 
You must separately prove that by 
lowering blood pressure, the ARB thereby 
reduces mortality, stroke, and heart 
disease. Once you have proven that, you 
cannot automatically assume that a 
thiazide medication, which also lowers 
blood pressure, will provide the same 
benefits. You must prove that separately as 
well.  

Each intervention, and each combination of interventions, requires its own proof. For 
example, both ARBs and ACE inhibitors (ACE-I) lower blood pressure and reduce heart 
attacks, strokes, and kidney failure. Specifically, both reduce protein leakage into the urine 
(called “proteinuria”), which is a key marker of kidney failure. Logically, one might assume 
that taking both would be even better. 

Indeed, taking both an ARB and an ACE-I reduced proteinuria more effectively than 
either one alone. Yet, it also caused more kidney damage, more progression to dialysis, and 
more death[4], [5]. The marker improved, which theoretically should have improved outcomes, 
but in reality, the combination caused worse outcomes while continuing to improve the 
biomarker. 
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How you change a metric is just as important as the change itself. Merely proving that an 

intervention affects a metric is insufficient without also proving a clinically relevant 
outcome. 

To illustrate how often logical reasoning fails in medicine, I want to go through several 
examples that lie in that medical graveyard. Let’s start with the COURAGE and 
ISCHEMIA trials. One might naturally assume that because blocked arteries cause heart 
attacks, opening partial blockages with stents, before a heart attack has occurred, would 
naturally reduce subsequent heart attacks and deaths[6].  

It is a very clean, logical reasoning pattern: you see the narrowing on an angiogram, you 
know a heart attack is caused by a total blockage, and you conclude that fixing a partial 
blockage will prevent the catastrophe. Makes sense. 

But, when tested, putting stents into these blockages had no 
effect on reducing heart attacks or death[7]. The logic was 
“obvious,” but failed when tested. 
Another example is Hormone Replacement Therapy (HRT) 
for menopause. For years, it was considered “obvious” that 
giving estrogen to menopausal women would lower 
cardiovascular risk. Women had less cardiovascular disease 
than men, observational data indicated those taking HRT had 

fewer heart attacks than those who did not, and HRT was known to improve lipid 
profiles[8], [9]. It was a clean logical chain based on understood mechanisms and strong 
observational evidence[10]. It was so “obvious” that it was written into guidelines at the 
time[11], [12]. Unfortunately, when an RCT was finally done against a placebo, HRT was found 
to actually increase the cardiovascular risk, completely counter to the expectations of 
observational evidence and mechanistic reasoning[13].  
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This pattern is far from an exception. One of the most dramatic examples is the CAST 
trial. It was observed that after a heart attack, people with more arrhythmias were at 
greater risk of death. It was presumed that suppressing those arrhythmias with medication 
would reduce that risk. We gave them drugs like Encainide and Flecainide, and while the 
arrhythmias were effectively suppressed, the risk of death actually increased. The metric was 
improved, but the outcome was worse[14], [15], [16]. 

We see this in the ICU, where tight glucose control was hypothesized to improve 
survival. Instead, it increased mortality[17].  

And we see it again with MTHFR genes and homocysteine, which has a compelling 
biochemical story, and is very strongly correlated with cardiovascular disease and mortality. 
B-vitamins lower the levels effectively but do nothing to reduce mortality when actually 
tested[18], [19].  

I could go on and on. Torcetrapib was effective at raising HDL and lowering LDL and 
ApoB, yet it increased mortality[20], [21]. Vitamin E and Beta-Carotene are antioxidants, and 
while they perform antioxidant actions in the lab, they result in harm or no benefit when 
given as supplements[22], [23], [24], [25], [26], [27], [28]. 

Standard medicine has made this mistake many times. Xigris was marketed with a sound 
biomechanical explanation for sepsis, but it was withdrawn because it was ineffective[29], [30], 

[31]. Vitamin C in sepsis has also been tried. Vitamin C levels drop whenever there’s a severe 
infection. We know Vitamin C is important for infection fighting, and yet supplementing it 
in the ICU provides no mortality benefit[32]. 

 
Hopefully by now the pattern is clear - whether we’re discussing NAD+, hyperbaric 

chambers, TRT, or statins, anyone can show changes in bloodwork, form mechanistic 
explanations, trace biochemical pathways, and cite observational data to create “advanced” 
protocols, but without direct RCT proof that an intervention changes a defined clinical 
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outcome (not a surrogate), you do not have reliable evidence that it is beneficial. In many 
cases, such interventions have turned out to be actively harmful. 

This is the key error of “Medicine 3.0” and health influencer ideologies. They spend 
hours discussing biological processes and observational data to recommend protocols, 
giving the veneer of science … then they make claims of improved outcomes without actual 
proof, assuming that the “reasonable” chain of effects will predict the outcome. If you look 
at the history of medicine, you realize this “chain of reasoning implies outcomes” concept is 
extremely unreliable, undercutting the entire methodology of so-called “advanced” health 
recommendations. 

Why Does This Keep Happening? 

HY DO WE KEEP FALLING into this trap? One reason is that mechanistic reasoning is 
seductive. The human brain likes storytelling and causal inferences. In our everyday 

lives, correlation and causation are often linked, but in observational statistics, two things 
can have a tight correlation without any causal connection. 

Biology is complex and unpredictable. Tracing one pathway does not mean it is the 
dominant one. For example, Aspirin inhibits COX-2, which can reduce prostacyclin, which 
in turn prevents clotting. An influencer could argue mechanistically that Aspirin increases 
the risk of clotting, only to find out that in reality it does the opposite, because an alternate, 
more dominant pathway is at work.  
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Torcetrapib lowered LDL and ApoB, but 
increased death because of an unforeseen 
mechanism that raised blood pressure. The 
complexity of biological systems means you cannot 
predict the impact of a drug without testing it. 
(Some claim AI and better simulations will solve 
this, but for several reasons, I suspect that is not the 
case; at a minimum, it is certainly not true now.) 

The other reason we fall into this trap is a desire 
for certainty in an uncertain domain, and a desire 
for urgent action when true medical knowledge takes time. Observational trials are cheap, 
correlation is easy to show, and metrics are fast to measure. If I want to show that a 
supplement changes a blood marker, I can do it in months. If I want to show it reduces 
death, I have to wait years, recruit thousands of people, and spend millions of dollars. 

We frequently take the flawed shortcut of assuming that if the metric changed, the 
outcome must follow. Influencers double down on this mistake for views and clicks, 
expanding the error exponentially. 

The Placebo Immunity Illusion 

NE MORE REASON WE CONTINUE to fall into this trap - we systematically underestimate 
the power of the placebo effect. 

Most people, including many doctors, harbor a subconscious intuition that the placebo 
effect is weak, obvious, or easily identified. We tell ourselves, “I would know if a treatment 
was just a placebo,” or “The improvement I felt was too significant to be psychological.” We 
assume that if a benefit lasts for months, or if it involves a physical sensation like increased 
energy or reduced pain, it must be the result of a “real” physiological change. 

Just as most people think they are above-average drivers, we naturally think that the 
placebo effect is something that “fools” other people, but not me. Of course I’m too smart to 
be “fooled”. And yet, if there were a way for you to distinguish between placebo effects and 
biological effects, there would be no such thing as a placebo effect.  

The reality is that placebo effects are often massive[33], [34], [35], [36], [37]. They are particularly 
dominant in the exact domains health influencers target: pain, focus, mood, sexual function, 
and athletic performance (even strength, hypertrophy and biomarkers)[37-a], [37-b], [37-c]. 
Furthermore, these effects can be incredibly persistent. When you combine the placebo 
effect with the “natural history” of a condition, the fact that many symptoms fluctuate and 
eventually improve on their own, and “regression to the mean”, the statistical reality is that 
if you measure someone when they feel their worst, they are likely to feel better soon 
regardless of what you do. And in the process, you create a perfect storm of misattributed 
success. 
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I want to be clear about something. If you have personally experienced improvement 
after starting a supplement, a protocol, or a lifestyle change recommended by an influencer, 
I am not telling you that your experience isn't real. The placebo effect is very real. You felt 
better. That happened. But outside of a research study, all treatments are a blend of 
biological effects and placebo effects. As that blend approaches 0% biological and 100% 
placebo, it becomes important to carefully analyze the risks, because trading placebo 
benefits for biological risks is a dangerous game. 

The placebo effect can even be seen in surgery. 
For decades, arthroscopic surgery for a 
degenerative meniscal tear was considered a 
“gold standard” treatment. Surgeons were utterly 
convinced of its efficacy because they saw 
patients improve firsthand. The patients, having 
undergone a real procedure, were equally 
convinced. It seemed “obvious” that trimming a 
torn piece of cartilage would fix knee pain. 
However, when researchers finally conducted 
sham-controlled trials, where patients were given 
a “placebo surgery” that involved an incision but 
no actual repair, the results were shocking. There 
was no difference in outcomes between those 

who had the “real” surgery and those who received the placebo, but the risks of surgery were 
the same for both[38]. If cutting someone’s knee open and “fixing” it can be a placebo effect, 
we must accept that a supplement protocol or an “optimized” diet is even more susceptible 
to the same problem. 

This is why anecdotes are the most dangerous form of evidence in medicine. Because 
humans are wired for storytelling, we see a personal success story and assume causation. We 
misattribute a natural recovery or a robust placebo response to the specific intervention an 
influencer is selling. These anecdotes become the foundation of testimonial marketing, 
creating a feedback loop of false confidence. 

In truth, anecdotes are exactly where medicine most often gets fooled. Conviction, 
experience, and perceived patient improvement are not a substitute for a randomized 
controlled trial.  

And that would be bad enough, but there are even more problems with the optimizers’ 
approach.  
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Measurement Variability 
The problem with using a rubber ruler. 

HAVE PERSONALLY PERFORMED AN EXPERIMENT that I encourage anyone serious about 
biohacking to try for themselves under the care of a 

physician. I drew 15 samples of blood from a single vein at 
the same time and sent them to the lab. I ran an assortment 
of tests on that blood, including a standard chemistry 
panel, testosterone levels, and A1C. 

The level of variance was startling. Bicarbonate, a 
measurement of the acidity level in the blood, had a 
variance of more than 10% (21 to 26). Testosterone in my samples varied by more than 40 
points (454 to 498). I want to emphasize that this blood was not drawn on different days or 
from different veins. It was the same human, at the same moment in time, the same blood, 
from the same vein, sent to the same lab, under identical conditions. 

 
My little n-of-1 illustration is a known concept called analytical variability in the lab 

world. The reality is that bloodwork lab measurement is a fuzzy instrument, not a precise 
one, though influencers push a false sense of precision either through ignorance or 
intention[39].  

Some assays are more precise than others. A1C, for instance, has one of the lowest assay 
variances, but even my A1C samples showed a 0.2% variance.  

The idea that an influencer can claim to optimize your health by moving a marker like 
bicarbonate up by a few points is absurd, because the measurement itself isn't precise 
enough to support those kinds of claims. You may see someone online discuss increasing 
their testosterone by 40 points, using some protocol, yet I achieved that same increase 
merely by sending the same blood to the same lab twice. 

The problem is compounded by biological variability. While measurement variability 
refers to the lab's imprecision, biological variability is the fact that our bodies truly 
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fluctuate over time. For instance, I drew a blood sample one hour after lifting weights and 
saw an increase in testosterone of more than 100 points (from 381 before to 536 after). 

This is why the medical protocol for diagnosing 
low testosterone requires samples to be drawn in 
the morning, fasted, on at least two separate 
occasions[40], [41]. These standards evolved 
specifically to account for the fact that 
testosterone levels fluctuate with sleep-wake 
cycles, food, and activity, all layered on top of 
measurement imprecision. 
Furthermore, the presence or absence of 
symptoms changes the interpretation of the lab 
value. If a healthy, athletic person who eats well 
has a low insulin level, we interpret that as high 

insulin sensitivity, which is a marker of health. If, however, insulin is low in a patient in the 
ICU with severe acidosis, it is indicative of pancreatic failure. The symptoms change the 
interpretation. 

Yet, this reasoning is rarely extended to other hormones like testosterone. If we see low 
testosterone in a healthy, athletic young man who is effectively gaining muscle and 
maintaining a low body fat percentage, we should conclude that he has high testosterone 
sensitivity and that his body is functioning efficiently, just as we do with insulin. Instead, 
influencers pathologize this, claiming something needs to be “fixed” without any proof of 
outcomes or comparison to other hormone dynamics. 

As we will discuss in a later section, pre-test probability is determined by symptoms, the 
test then adds information to increase or decrease the likelihood that an intervention is 
necessary[42]. For now, the takeaway is that biological and measurement variations have two 
problematic effects[43]. First, they undermine the influencer’s tale of precision. Second, they 
create false narratives.  

What do I mean by “false narratives”? If you measure enough things, you will eventually 
find an abnormality. You may then start a protocol or supplement, remeasure, and claim to 
see an improvement. Unfortunately, that “improvement” is often just lab variability or 
biological fluctuation, but the narrative is one of a successful intervention[44]. Without 
population level studies, these anecdotes can “feel” like evidence, when in fact they are just 
instances of biological and assay variance, and regression to the mean[45]. 

Before we proceed, I want to note that we should not take this to mean that bloodwork 
has no value. It has significant value when used in the way it was intended - to raise or lower 
suspicion for a disease based on a patient’s symptoms and presentation, by looking for 
abnormal deviations from the normal range.  

We should realize however, that hijacking the tool of bloodwork and using it differently 
than intended creates significant errors. 
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Reference Ranges and Thresholds. 
 

EAVING ASIDE THE ISSUE OF VARIABILITY and assuming for a moment that measurement 
is precise, we must consider the nature of the reference range. Reference ranges are 

simply measures of the distribution of results in a healthy population[46]. Thus, by definition, 
a certain percentage of healthy people will always have lab values outside the so-called 
“normal” range. These ranges are merely statistical clusters, usually two standard deviations 
from the average, depending on the particular assay being measured[47]. 

 
This leads to a crucial realization that influencers ignore: a value labeled “abnormal” 

because it sits at the extreme end of the bell curve may actually represent a functional 
adaptation that is physiologically superior for that specific individual’s unique biological 
context. For that person, the outlier value is the functional optimum. An athlete with “low” 
hemoglobin may have athletic pseudoanemia, which is an important adaptation to their 
exercise needs. Attempting to “fix” their low hemoglobin would be harmful. On the other 
end of the spectrum, a patient with untreated sleep apnea may have high hemoglobin, 
which helps their body send oxygen to their organs even if they stop breathing temporarily. 
Once again, “optimizing” the lab result would actually harm the patient. 

These reference ranges do not inherently predict outcomes. Furthermore, different 
populations have different ranges - pregnant women may have different distributions than 
non-pregnant women, or men may differ from women. But, we also cannot over-specify the 
population. If you only compare to men born in 1980, at low altitude, now living at high 
altitude, who lift weights and sprint, but don’t do zone 2, who used to smoke, but now quit, 
work in an area with high cosmic radiation and exposure to benzene, who wear their 
protective equipment about 94% of the time, and who are married, but unhappily, and have 
a mistress, but no close friends, etc. etc. … eventually, if you over-specify the population, 
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you end up just comparing the results to yourself at that moment, and everything is normal 
by definition.  

Since we can’t do that, then comparison to a reference range is always a comparison to a 
group of people who are, in some ways, not similar to you[48], [49]. Most importantly, it is 
completely unproven that “improving” a level within the normal range necessarily creates 
better outcomes. As I have said before, that requires separate proof in its own trial. 

In medicine, we use thresholds to detect abnormality. If you are outside the normal 
range and have symptoms consistent with that abnormality, we may suspect that correcting 
it will help. However, all such thresholds involve trade-offs. Whatever level we set as the 
threshold for “abnormal” creates a set of false positives and false negatives. Selecting a 
tighter threshold merely changes the ratio of these errors, it does not eliminate them. In 
clinical medicine, we choose these thresholds on a practical basis: if we want to minimize 
false negatives, we set a lower bar for abnormality, and vice versa. 

 
The reason I explain this is because influencers perpetually invent so-called “optimal” 

ranges. Companies like Function Health have invented a whole series of optimal ranges that 
have no evidence of being superior[50] (or frankly any definition other than the blind 
assertion of being “optimal”, unclear for what outcome, or in what way, or according to 
whom). They have no proof that moving your blood work toward these results leads to 
better outcomes. There is no causal evidence that achieving an “optimal” range is in any way 
beneficial. 

In fact, there was a study of men with symptoms of low testosterone plus low-normal 
levels on blood testing. They were given either testosterone to bring them to high-normal, 
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or placebo. They couldn’t tell the difference on any measure. There were no perceivable 
changes in symptoms at all[51], [52]. 

These so-called “optimal” ranges are merely products of existing bias. Having a higher 
testosterone level is often considered more optimal by influencers, yet we know from 
multiple studies in different animals that lower testosterone (via castration) actually leads 
to an increase in lifespan. This is also seen in human data regarding eunuchs and castrated 
individuals, who live significantly longer on average than similar non-castrated males[53], [54], 

[55]. 
The idea that higher testosterone levels lead to increased longevity is strongly 

counteracted by this data, and yet influencers label high levels as “optimal” even within the 
normal range. This ignores the sensitivity issues discussed 
earlier, the failed placebo trials, and the data on castration. 
It is purely an invention from influencer bias because 
higher testosterone “feels” better. It is based purely on 
vibes. The same is true for A1C and various other “optimal” 
ranges that have been invented with no proof (and in 
several cases, evidence of harm). 

Bayes’ Theorem and False Positives. 
 

HE NEXT ISSUE IS ONE THAT is statistically crucial and yet very poorly understood, even 
among physicians[56]. Multiple studies have shown that doctors frequently fail to grasp 

this concept, let alone influencers and the general public. Bayes' Theorem is one of the most 
central concepts in medicine, yet it can be counter-intuitive. 

If I have a test that is extremely accurate, like a pregnancy test, it will have a very low 
rate of false positives and false negatives. However, accuracy alone does not tell us how 
likely a positive test is to be correct. The missing factor is the “pre-test probability” - how 
likely the result was to be positive before you even did the measurement. 

To illustrate, if I show you a positive pregnancy test, you might assume it is almost 
certainly correct. But if I then tell you the test was run on a man, you immediately know it 
is a false positive. Your estimate of the likelihood of a false positive goes from very low to 
100%, because the pre-test probability of a man being pregnant is zero. No matter how 
accurate the test is, the context determines the interpretation. 

This remains true for rare conditions in the general population. Suppose we invent a 
new test for pancreatic cancer that is 99% accurate: it has 99% sensitivity (it only misses 1% 
of cases) and 99% specificity (it only gives a false positive 1% of the time). 

If you run this test on an average person in the general population, where the incidence 
of pancreatic cancer[57], [58] is roughly 7 in 100,000, Bayes’ theorem calculates that a positive 
result would be a false positive 99.3% of the time. The test is “accurate,” but because the 
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disease is so rare in that population, the test is almost always wrong when it claims to find 
something. 

Contrast that with someone who has symptoms: weight loss, abdominal pain, and the 
new development of diabetes. In this symptomatic group, the pre-test probability is much 
higher, maybe as high as 25%. If you run the same 99% accurate test on this person, a positive 
result is a false positive less than 3% of the time. 

 
I go through these examples because it is so poorly understood that tests do not 

function independently of their context. You cannot merely run a test and rely solely on the 
result. The symptoms of the patient change the interpretation of the test[59]. This fact, 
necessitated by the statistics of Bayes' Theorem, is one of the most crucial aspects of medical 
diagnostics. 

Because this is ignored, influencers (and even doctors) continue to recommend testing 
healthy people who, by definition, have a very low pre-test probability. This guarantees a 
high rate of false positives. Testing is often framed as a way to bypass the “subjectivity” of 
symptoms, as if the lab value is more reliable than the patient's presentation. In reality, the 
context of the patient determines the value of the test. 

I even created a teaching tool at rxbayes.com to help doctors with this reasoning, but as 
direct access to labs and scans increases, it is becoming progressively more important for 
the public to understand these complexities. If your pre-test probability of an abnormality 
is extremely low, an abnormal result is more likely a false positive than a true target for 
“optimization.” 
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This problem compounds with every additional 
test. Reference ranges are typically set at the 
95th percentile, meaning 5% of the healthy 
population will naturally test “abnormal” on 
any given marker[60], [61]. When you run large 
panels, finding a “problem” becomes a statistical 
certainty: with just 20 tests, the chance of 
receiving at least one false alarm is 64%. If you 
increase to 50 tests, that probability exceeds 
92%. By increasing the number of tests, 
influencers guarantee the discovery of 

“abnormalities” that are medically irrelevant but commercially profitable. 
After all, if you can market a supplement or intervention to “fix” that “abnormality” 

(which is likely irrelevant), you can see how lucrative it is to sell large blood panels. 
“Optimization” in this sense is nothing more than manufacturing a fictitious sense of 
disease. 

Goodhart’s Law and the Failure of Surrogate Targets 
T THIS POINT, THE PATTERN we’ve been seeing has a name. 
Goodhart’s Law: when a measure becomes a target, it ceases to be a good measure[62]. 

Many biological measurements are genuinely useful indicators of health risk. Muscle 
strength, aerobic fitness, blood pressure, glucose control, and other markers often correlate 
strongly with long-term outcomes. These measurements became useful because improving 
them through real physiological changes, including exercise, improved metabolic health, 
smoking cessation, and blood pressure control, also tended to improve outcomes. 

But the problem arises when we begin assuming that anything that improves the 
measurement must also improve health[63]. 

Once the number itself becomes the target, rather than the physiology behind it, the 
relationship breaks down.  

 
We can see a clear application of this in the 

example of grip strength. In various studies, 
grip strength was used as a surrogate marker 
for overall body strength, and in those studies, 
it correlated strongly with longevity[64]. 
However, if you take that information to mean 
that you should specifically train your grip, and you engage only in grip-strengthening 
exercises, you have almost certainly not increased your longevity. You have merely broken 
the correlation between grip strength and total body strength that the study relied upon. 
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Manipulating the metric merely breaks the assumed connection, without actually 
changing the outcome.  

We have already seen the same pattern repeatedly: 
Arrhythmias could be suppressed, yet mortality increased. Blood sugar could be tightly 

controlled in ICU patients, yet mortality worsened. Homocysteine levels could be lowered, 
yet cardiovascular risk remained unchanged. 
HDL increased and LDL decreased, yet 
mortality rose in drug trials. The 
measurements moved. Outcomes did not. 
Sometimes the disconnect is even more 
direct. Hemoglobin A1c is widely used as a 
marker of long-term glucose control. But 
A1c can fall without glucose physiology 
improving at all[65]. Blood donation will 
lower A1c by forcing the body to generate 
fresh red blood cells, without changing 
anything about blood sugar levels, or the 
damage caused by those levels[66]. 
The number improves. The underlying 
problem does not. 

Optimization culture assumes that because a marker correlates with disease risk, 
pushing the marker toward an “optimal” value must improve health. But again and again, 
medicine has discovered that manipulating the marker is not the same as manipulating the 
disease. The way you change a metric is the thing that has to be tested against outcomes, 
otherwise you’re confusing the map for the territory. 

Goodhart’s Law explains why surrogate endpoints and metrics do not necessarily 
translate to health. For all the reasons mentioned so far, you can see how blood work 
markers do not function the way influencers would have you believe they do.  

But these issues are not limited to blood work. They apply equally to other diagnostic 
technologies. 

MRI and Other “Early” Scans 
Different Tool, Same Errors 

ULL-BODY MRI REPLICATES ALL of these same problems[67]. Because of the dictates of 
Bayes’ Theorem, a full-body MRI on a healthy person (low pretest probability) almost 

guarantees that most findings will be false positives, leading inevitably to overdiagnosis and 
overtreatment (the harms of which are real, but always handwaved away or minimized)[68]. 
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Furthermore, population-level autopsy studies show that many people develop 
malignancies that could be detected on a slide or a scan but would have had no impact on 
their lives if left alone[69], [70], [71], [72], [73],[74]. We have certainly seen this with prostate cancer, to 
the point that screening recommendations have essentially been all but revoked (the 
guidelines say “individual decision”, which is basically pushing liability onto the patient - 
AKA “no benefit” plus lobbying and special interests)[75], [76]. 

The issue occurs with mammography as well, though it is less-often discussed and more 
nuanced[77]. The USPSTF still sells the central claim as mortality reduction[78], [79]. That’s the 
official story. But Cochrane’s critique is blunt: the apparent benefit leans heavily on older 
trials with substantial methodological limitations[80]. When you restrict attention to 
better-quality evidence, the mortality signal is limited to disease-specific analysis, with no 
overall mortality benefit, and even the disease-specific claims are inflated by 
misclassification. The false-positive rate of mammography is significant, but even more 
concerning is the rate of overdiagnosis[81]. Overdiagnosis is a separate issue from false 
positives. False positive is incorrect suspicion or diagnosis of cancer. Overdiagnosis is 
(correct) diagnosis of a cancer that would not have become clinically relevant in the 
person’s lifetime.  

Cochrane estimates 10 women will be overdiagnosed (unnecessarily treated with surgery, 
radiation, endocrine therapy, chemo, etc.), for every 1 cancer death prevented per 2000 
women invited for 10 years, with no improvement in overall longevity[82]. False positives are 
costly and anxiety-producing, but they usually (though not always) get figured out[83]. But 
overdiagnosis is a medical catastrophe[84], [85],[86], [87]. It converts healthy people into cancer 
patients on paper and exposes them to real harms, for zero benefit[88], [89]. 
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And Bleyer and Welch describe mammography as the signature pattern of 

overdiagnosis: When mammogram screening programs are introduced, we see a significant 
increase in the detection of Stage 1 disease[90]. These women then undergo the full weight of 
modern medicine: chemotherapy, radiation, and surgery, and yet, on a ten-year timeframe, 
there is only a marginal reduction in late-stage disease, and no detectable reduction in 
overall mortality. Treating the stage 1 cancers creates stories of “cures,” and yet on a 
population level there is only a slight dent in advanced disease, and no improvement in 
overall longevity. 

It is possible that some (many?) Stage 1 cancers are halted by the immune system, never 
progressing or becoming a problem. Unfortunately, on an individual basis, we have no way 
to tell the difference. We cannot know in the moment whether a detected Stage 1 cancer is 
the type that will kill or the type that will not. Thus, we are forced to treat everyone. While 
individuals undergo toxic treatments, the population-level statistics show no benefit. 

Effective screening requires a rare set of circumstances. The test must be accurate 
enough to overcome the Bayesian hurdle of testing a low-probability population. The 
disease must be treatable (otherwise why bother at all?). The treatment must be 
significantly more effective in the early stages than the late stages (otherwise, why not wait 
for symptoms?). And finally, the disease must not have a high rate of spontaneous regression 
or stabilization. 

It is very rare for all these conditions to exist[91], [92], [93], [94], [95], [96],. They do exist for lung 
cancer in smokers, which is why low-dose CT scanning saves lives in that specific group[97], 

[98], [99]. However, the NordICC trial, the first randomized controlled trial involving 
colonoscopy failed to show a mortality benefit from an invitation to colonoscopy[100], [101]. 

18 

 
 RiverRock Medical Clinic 



 
 

Full-body MRI will exponentially expand these problems because most people do not 
understand these nuances. Screening is not a simple matter of “looking more carefully.” 
More detection does not guarantee better outcomes. The “catch it early” mantra is deeply 
woven into our culture, yet it has been called into question for many of our most common 
cancers[102], [103]. 

There is a deeper and more concerning aspect of all of 
this. Just as we discussed with bloodwork optimization 
“regressing to the mean”, an analogous process exists with 
malignancies. Because many cancers do not progress or may 
even spontaneously resolve, full-body MRIs generate 
countless stories of people who believe a scan “saved their 
life” after a tumor was detected and treated. In reality, many 
of those people were never at risk of dying from that tumor, 
and yet these anecdotes reinforce a false belief in early detection, while the actual harms of 
overdiagnosis and the associated interventions are ignored. 

Conclusion 
e started from the natural desire to pursue higher health aspirations. We recognized 
the failure of standard medicine to assist us in these goals, and explored the 

reasonable intuition that we could take medicine’s tests and scans and just do more. And yet 
now, we have found that the very tools themselves are fundamentally flawed when applied 
to health optimization instead of disease detection. 

Mechanistic reasoning cannot reliably predict outcomes based on changes in metrics. 
Interpreting markers outside the context of a patient's symptoms is statistically flawed. The 
inherent variability of lab measurements ensures that “improvements” are often just 
statistical noise. By running dozens or hundreds of tests on healthy people, influencers 
guarantee the discovery of “abnormalities” that are medically irrelevant but commercially 
profitable. And finally, more detection through advanced scanning often leads to 
overdiagnosis rather than longer life. 

But before we go further, take a moment to notice how challenging and non-obvious the 
journey to this realization has been. Understanding the true complexity of these topics is 
really difficult.  

You’ve needed to take in information about medical history, obscure statistics, 
unexpected outcomes, and subjectivity in analysis and diagnosis. Most people don’t 
intuitively understand Bayes’ Theorem, and almost no one has thought about (or heard of) 
overdiagnosis, analytical variability, or metric/outcome discordance. And yet, once you do 
understand these ideas, the entire underlying architecture of the “health optimization / 
Medicine 3.0” model collapses. 
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If you’ve gotten this far, you’ve already done more epistemic work than most people ever 
do on their own health decisions. If anyone, doctor or influencer, is to make medical 
recommendations, I believe that they should have an awareness of these same concepts, or 
else their authority is mere marketing, and they are perpetrating true harm, even if it can’t 
be detected. I hope this document helps you spot these false authorities, whether they have 
an MD or a million followers. 

I hope you are now able to spot when someone is violating your new understanding by 
equating metrics with outcomes, ignoring test interpretation fuzziness, and failing to 
account for the invisible (but real) harms of false positives and overdiagnosis.  

None of this means that medicine doesn't work. Evidence-based interventions save lives 
every day. Blood pressure medications reduce strokes. Statins reduce second heart attacks in 
those who have had one. Scans and bloodwork help us make more accurate diagnoses in 
those with symptoms, which in turn allows more targeted treatments. Medicine and 
medical technologies are extraordinary when used in the way they were designed. The 
problem is not medicine. The problem is the hijacking of medical tools for purposes they 
were never designed to serve, and the sale of that hijacking as “advanced” care. 

We need to stop giving charlatans a pass on bad science. But that still leaves you with a 
question that deserves a real answer: if this kind of optimization fails, then what actually 
does work? 

The answer is simpler than the optimization industry wants you to believe. There are a 
small number of interventions with direct, high-quality evidence of extending human 
lifespan. Not surrogate markers. Not mechanistic reasoning. Actual evidence of actual 
people living longer. 

Understanding why these specific interventions meet my standards of evidence, when so 
many others do not, is the critical next step. This is the entire focus of my no-cost private 
briefing. 

 

Reserve your seat here: https://riverrockmedical.com/briefing 
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