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Purpose: Genetic algorithm (GA) is a machine learning optimization strategy where sample strategies compete for fitness to
evolve an optimum solution. This study evolves the Aging Male Symptoms (AMS) with GA to better identify late onset hypo-
gonadism (LOH) with serum testosterone.

Materials and Methods: GA was trained on a training set of standard AMS questionnaire on a nationwide LOH epidemiology
study. Random matrices of selectors for particular items were generated. Each generation of was evolved through a fitness
function determined by sensitivity. Threshold to determine positive serum testosterone level for LOH was randomized for
each competing strategy. After 2,000 runs, with each run producing the best result out of a set of 3,000 randomly generated
sets evolved through 300 generations, the best AMS selection matrix was then applied to a separately enrolled validation set
to compare outcomes.

Results: Predictability for serum testosterone levels dropped markedly above 3.5 ng/mL during pilot training. Limiting the
training to testosterone thresholds between 2.5 and 3.5 ng/mL the GA 93 different strategies. Only a selection of 5 items,
determining for a threshold of 20 points and determining for a serum testosterone level of 3.16 ng/mL, showed robust repro-
ducibility within the internal validation set. Applying these conditions to the independent validation set showed sensitivity
improved from 0.66 to 0.77, with a specificity of 0.07 to 0.19, respectively.

Conclusions: GA method of selecting questionnaires improved AMS questionnaire significantly. This method can be easily
applied to other questionnaires that do not correlate with physiological markers.
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INTRODUCTION in the Aging Male (ADAM) questionnaire, it provides
a detailed query of clinically relevant points, while also

The Aging Male Symptom (AMS) questionnaire, providing a scaled response. Hence, despite the lack of

though widely used in estimating symptoms for late physiological relevance to these questions, AMS contin-
onset hypogonadism (LOH), has been notoriously incon- ues to enjoy a wide measure of use, despite most stud-
sistent in its assessment of initial screening or follow- ies decrying its lack of specificity [2].

up [1]. Compared to the simpler Androgen Deficiency Conventional statistical methods employing various
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multivariate regression analyses to identify relevant
questionnaires often fall short [3-5]. Regression methods
require each component of the multivariate equation
to be independent of each other. Even if a cross cor-
relation presents itself through a validation study in
an epidemiologic setting to state that all items showed
little inter-dependence, one could simply read through
the confusing list of all seventeen items to understand
the overlapping spectrum of symptoms. Ironically,
AMS propounds the complex overlap of its question-
naires by clustering items into symptom groups, fur-
ther emphasizing that each item was never designed
to be independent, and thus, the statistically predictive
power of each item on the overall symptom is spread
out and weakened.

Furthermore, conventional statistical methods to
remove each component from the regression equation
is difficult. Removing questions based on statistical rel-
evance in a univariate setting cannot avoid the afore-
mentioned problem of interdependence between each
questionnaire. Conversely, including individual ques-
tionnaires and comparing various iterations confronts
the problem of investigating 2" possible sets of differ-
ent strategies for relevance, where n is the number of
items in the questionnaire.

Genetic algorithm is a machine learning method best
suited to evolve an optimal outcome from near infinite
iterations [6,7]. Originally created as an optimization
method for complex problems, genetic algorithms cre-
ate generations of sample strategies that then compete
against each other for optimum fitness. Once each
generation is complete, all sample strategies are then
changed through various methods to create a new gen-
eration, where the most fit of the previous generation
produce similar but slightly altered offspring strategies
(crossover), while poor fit samples are discarded and
new random samples are introduced (mutation).

This study applied genetic algorithm on a training
set of a previous epidemiological study. The resultant
best fit strategy of AMS questionnaires was then ap-
plied to a validation set of newly recruited patients.

MATERIALS AND METHODS

1. Pilot training

The matrix of strategies select a different number of
questionnaires. Hence to uniformly apply each matrix
to determine the outcome, the number of question-
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naires for each strategy was multiplied by a factor of
either 3 or 4 (out of 5 points), which we termed AMS
weight (k), so that each strategy of N questions result-
ed in an AMS threshold of kxN.

Serum testosterone threshold was also tested against
a random cut off value assigned between 25 and 5.5
ng/mL. Hence the possible strategies that could pos-
sibly evolve did not only compare only against 2"
variations of AMS matrices, but also contended with
variabilities in threshold of AMS (3 or 4), as well as the
continuous threshold of serum testosterone, thus intro-
ducing a theoretically infinite amount of complexities.
However, the actual variation of serum testosterone
threshold is at best equal to m-1, where m is the num-
ber of samples in the training set. This amounts to 2
[=either 3 or 4]X(m-1) [Factual possible serum testoster-
one thresholds]x2''=93585,408 different strategies to be
evaluated.

Therefore, a pilot training was performed to pre-
determine the level of AMS weight and to limit the
range of serum testosterone threshold. An arbitrary
iteration of 1,000 cycles were set.

2. Genetic algorithm

Genetic algorithm was written on MATLAB R2019a.
The code describes a separate matrix for serum testos-
terone and seventeen AMS questionnaire items. An ar-
bitrary number of inclusion matrices (gene pool) were
constructed initially from randomization to select or
exclude each item of the AMS questionnaire. A fitness
function was designed to compare and score each strat-
egy to compare with other strategies within its genera-
tion. When each generation was complete a variety of
crossover and mutation strategies were given based
on fitness, with a certain degree allowed for successful
sets to pass on their characteristics directly, while some
degree of random mutation was also allowed within
crossover stages as well. Also, the most unsuccessful
portions were entirely randomized from the gene pool.

1) Crossover strategies

Partial crossover strategies and complete crossover
strategies were employed randomly on equal ratio.
Partial crossover generates two random points between
one and seventeen. The Items between each point were
switched between adjacent matrices. On the other
hand, complete crossover strategies select a single
crossover point to switch between strategies.
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The higher correlation matrices, arbitrarily set,
were preserved, while the rest were crossed over with
adjacent matrices either by partial crossovers or com-
plete crossovers. When adjacent matrices were highly
similar, with low correlation, these were replaced by
random generated new samples. Thus, after successive
generations, the sets evolved towards higher correla-
tion.

As with all machine learning strategies, genetic algo-
rithm may also suffer from local minima if only simi-
lar crossover strategies were evolved. Thus, when near
similar strategies repeated itself, they were replaced
by entirely new sets of random mutations, introducing
novel strategies to overcome local minima (Fig. 1).
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Fig. 1. Methods of crossover mutation.
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Fig. 2. Overall outline of analysis.

www.wjmh.org 141



| hitps://doi.org/10.5534/wjmh.190077

2) Generations and gene pool

Genetic algorithm scale i1s defined by the number
of gene pools created and the number of generations
these must evolve through. 3,000 strategies (not con-
sidering the variety produced through mutation) were
evolved through 300 generations, and each such genetic
algorithm cycle was reiterated 2,000 times. Appropri-
ate strategies to minimize either serum testosterone
threshold range or weight of AMS questionnaire was
determined through the pilot study (Fig. 2).

3. Patients

The training set was acquired from 1,335 patients
from a prospective study performed in 2014 [8]. In
summary, all regions and provinces of South Korea.
General checkup centers were randomly selected from
the Health Insurance Review and Assessment service
registry, weighing for regional population distribution
by province. All participants were randomly selected
through a multilevel stratified random sampling from
each administrative district from January to Novem-
ber 2011. Only participants between 40 and 80 years
of age were enrolled. For the purpose of a single visit
completion of participation, only participants who vis-
ited for routine biennial physical checkup before 11:00
a.m. were eligible for inclusion to standardize measure-
ments for serum testosterone. Within this training set,
for each iteration of a thousand, patients were random-
ly assigned a 70 to 30 ratio to either the internal train-
ing set or the internal validation set. For each internal
training set, an optimization of genetic algorithm was

Table 1. Characteristics of validation population

Characteristic Mean SD

Age (y) 60.80 9.14
Serum testosterone (ng/mL) 349 1.12
Free testosterone (pg/mL) 79.85 33.26
Smoking state

Quit smoking (%) 533 -

Still smoking (%) 25.8 -

Never smoked (%) 20.8 -
Height (cm) 168.63 5.53
Weight (kg) 72.90 9.87
Systolic BP (mmHg) 131.14 13.01
Diastolic BP (mmHg) 78.77 11.00
Waist (cm) 90.65 6.98
Hip (cm) 98.94 5.83

SD: standard deviation, BP: blood pressure.
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performed and then applied to the internal validation
set. Excluding missing data provided 1,335 volunteers.

The validation set was enrolled from population of
healthy volunteers between March to December 2018
at a single institute. The training set was set for 120
volunteers (Table 1).

All patients were excluded for 5a-reductase inhibitor
use, phosphodiesterase 5 inhibitor use, hormone re-
placement therapy or any alternative solution, herbal
or experimental, to improve sexual function within the
last 3 months.

4, Ethics statement

The present study protocol was reviewed and ap-
proved by the Institutional Review Board of Chung-
Ang University Hospital (Reg. No. C2015130). Informed
consent was submitted by all subjects when they were
enrolled.

RESULTS

1. Pilot training
Pilot training test was performed at 1,000 iterations

to determine serum testosterone threshold range and
AMS questionnaire weight. As shown in the scatterplot
(Fig. 3), there was no difference between AMS weights
3 and 4. However, there was a significant drop-off of
sensitivity when serum testosterone thresholds were
raised above 3.5 ng/mL.
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Fig. 3. Serum testosterone threshold vs. sensitivity displayed dur-
ing 1,000 pilot training cycles; darker circles showing Aging Male
Symptoms (AMS) weight at 3, lighter circles showing AMS weight at
4. There was no difference between applying AMS weight, however,
sensitivity drop-off was noticeable above threshold of 3.5 ng/mL.
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2. Genetic algorithm training and internal
validation

With AMS weight randomly assigned either 3 or
4, and serum testosterone threshold set randomly be-
tween 25 to 35 ng/mL, the training set of 1,335 volun-
teers were developed through 3,000 gene pool samples
evolved to 300 generations 2,000 times to produce 2,000
best strategies and their applied internal validation re-
sults.

Overall 93 different strategies for determining AMS
were devised through machine learning, with an over-
all sensitivity of 0.67 and a specificity of 0.41. However,
within internal validation these outcomes dropped off
significantly to a sensitivity of 0.56 and a specificity of
0.06. When these items were divided by the robustness
of the overall matrix to maintain a persistent 0.6 sen-
sitivity in the internal validation set, only a few items
remained to prove viable (items, 4, 8, 12, 14, and 17).

Independent t-test showed serum testosterone for
robust outcomes was 3.16+0.22 vs. 2.74+0.16 ng/mL
(p<0.001), while chi-square test showed robust sets pre-
ferred AMS weight of 4 than 3 (p<0.001).

Thus, based on these recommendations, items 4, 8, 12,
14, and 17, determining for an AMS score of 20 (AMS

Table 2. Comparison of questionnaire item selection
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weight 4x5 items) or above to predict for serum tes-
tosterone of 3.16 ng/mL was used. A matrix composing
of only these items, solving for serum testosterone 3.16
ng/mL produced predicted a sensitivity of 0.90, and a
specificity of 0.26 for the entire training set (Table 2,
Fig. 4).

Questionnaire item inclusion based on robust predictability
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Fig. 4. Results of genetic algorithm show initial selections which were
contrasted against internal validation to discriminate final selection

Genetic algorithm

Item ltem Original  Linear regression Genetic algorithm o Bllstess
No. AMS
p-value Selection Frequency Selection Frequency Selection
1 Decline in your feeling of general well-being 0 0.45 - 0.30 0 0.06 -
2 Joint pain and muscular ache 0 0.80 - 0.10 - 0.06 -
3 Excessive sweating 0 0.48 - 0.05 - 0.01 -
4 Sleep problems 0 0.88 - 0.47 0 0.31 0
5 Increased need for sleep, often feeling tired 0 0.19 0 0.12 - 0.08 -
6 lrritability 0 0.74 - 0.02 - 0.00 -
7 Nervousness 0 0.94 - 0.00 - 0.00 -
8  Anxiety ¢} 0.78 - 0.34 0] 0.33 0
9  Physical exhaustion/lacking vitality 0 0.95 - 0.17 0 0.03 -
10 Decrease in muscular strength 0 0.28 - 0.13 0 0.03 -
11 Depressive mood 0 0.84 - 0.00 - 0.00 -
12 Feeling that you have passed your peak 0 0.95 - 0.31 0 0.31 0
13 Feeling burnt out, having hit rock-bottom 0 0.15 0 0.18 0 0.04 -
14 Decrease in beard growth 0 0.79 - 0.45 0 0.33 0
15  Decrease in ability/frequency to perform sexually 0 0.61 - 0.20 0 0.02 -
16  Decrease in the number of morning erections 0] 0.59 - 0.13 0] 0.01 -
17  Decrease in sexual desire/libido 0 0.23 - 0.57 0 0.36 ]
Sensitivity 0.66 0.58 0.68 0.77
Specificity 0.07 0.37 0.12 0.19

AMS: Aging Male Symptom:s.
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3. Validation

Validation test for 1,335 patients of the epidemiologi-
cal study showed a sensitivity of 0.77, and a specificity
of 0.19, improving over a sensitivity of 0.66, and a speci-
ficity of 0.07 when considering the entire AMS set as
a matrix for equal serum testosterone cut off points of
316 ng/mL.

DISCUSSION

The initial machine learning process to train the
algorithm best suited to correlate with serum testoster-
one was performed against the original epidemiologic
data. The data from 1,895 participants were cleaned for
missing values, leaving 1,335 participants. Initially we
attempted to take advantage of the benefit of using an
AMS score over simpler identifiers, such as the ADAM
score, e, a gradually scaled response providing, hope-
fully, a full spectrum of responses. However, the corre-
lation function showed weak reproducibility primarily
through oversimplifying the outcome.

Hence, sensitivity was chosen as the fitness func-
tion, while expanding the complexity of the genetic
algorithm to inspect the entire spectrum of serum tes-
tosterone thresholds. Interestingly, the initial internal
training provided a wide array of questionnaires fit
for validation, but was most successful to show that a
significant portion of the items, such as 2, 3, 6, 7, 11 had
no function in relevance to serum testosterone.

Additionally, through rigorous internal validation, we
were also able to discern Talse positive’ questionnaires,
such as items, 1, 9, 10, 13, 15, and 16, which showed high
fitness during training but sharply lost relevance when
applied to internal validation. Through this process,
only a select number of items showed sharp distinction
and were successful in identifying low serum testoster-
one in the independent validation set.

It is noteworthy to see that these select items do
not overlap with items selected through conventional
methods, such as linear regression (Table 2). Despite
the robustness for selecting matrices best fitting the
outcome, frequentist methods could not thoroughly
predict all possible combinations that could be mired
from deviations from the prerequisites of variable
independence and normality [9]. For example, items
such as 4 and 5, both describing some symptom of sleep
cannot possibly be independent of each other, yet a
multitude of investigations concerning the AMS often
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present outcomes where investigators treat these as
independent variables in analysis. Genetic algorithms
can overcome these pitfalls by dissociating the process
of selection from the assumption of normality and in-
dependence [6,7,10]. The algorithm itself only compares
and develops the outcomes based on fitness alone; if
codependent factors are included, it does not claim to
make judgement that these factors independently af-
fect the overall outcome. Indeed, if such codependence
would hamper evolving the fitness function, the ge-
netic algorithm would most likely either eliminate it
entirely from the process until such time that random-
ness reintroduces such factors into the equation again,
or stall into a local minima, again, in which randomiza-
tion would rescue it from over fitting.

Ultimately, the overall outcome shows only relatively
distinct items included in the final questionnaire. One
single item for sleep (item 4), one single item for mood
(item 8), one single item for vitality (item 12), one
single item that had been generally ignored (item 14),
and one single item most central to the AMS (item 17).
Also, it is interesting to note that, during the entire
process, the threshold for serum testosterone had been
left randomized, only limiting the focus when predict-
ability went out of hand, yet ultimately the threshold
had settled down to 3.16 ng/mL as the most determinis-
tic level, which can be converted to 11 nmol/L, a widely
accepted level for LOH [4,11,12].

Overall, one cannot say that a validation sensitivity
of 0.77 is very high, especially considering a poor speci-
ficity of only 0.19. Recently Lu et al [13], approached
LOH diagnosis through machine learning techniques
employing a decision tree method to incorporate vari-
ous serologic criteria and compared these to question-
naires. The results showed higher predictive value in
serologic criteria alone.

However, dismissing questionnaires in diagnosing
LOH entirely runs the fundamental problem of ap-
proaching a disease without clarifying its symptoms.
How can a disease be independent of presenting symp-
toms? Without clarification of what centrally consti-
tutes the constellation of presentations of a symptom
leaves us with no symptoms and only a series of equa-
tions describing serology.

Hence, any attempt to salvage these questionnaires
through any means is worthwhile. While AMS suffers
from any credible criteria, it does not suffer from any
lack of symptoms queried. AMS provides a wide range
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of symptoms, whether they are specifically related to
the diagnosis of LOH.

Finally, in clarification, the questionnaire used in
this study was the Korean translation of the AMS
questionnaire, previously used in several nationwide
studies [8,14,15]. There is poor validation information
regarding the AMS, as questions of its utility had
already arose by the time several nationwide studies
had been conducted, and no future prospects of formal
validation seems likely. Perhaps a refinement of the
questionnaire may help improve these matters.

CONCLUSIONS

Genetic algorithm method of selecting questionnaires
improved AMS questionnaire significantly. This meth-
od can be easily applied to other questionnaires that do
not correlate with physiological markers.
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