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SUMMARY/ABSTRACT KEYWORDS

Starting point: Modern statistical models are essential for methodologically sound evaluation of Cancer, pain, musculoskeletal disorders, statistics
patient health status changes and precise prognostication. Between 2003 and 2025, the scientific & research methods, rehabilitation medicine.
community has seen a rise in incorrect statistical application. Reliance on "Black Box" software,

artificial intelligence, or automation without thorough understanding of key parameters often results )

in inaccuracies. Advanced statistical software streamlines calculations but does not replace model DOL: 10.61983/lcrh.v63i2.167
comprehension.

Group: We evaluated health status changes before and after treatment and rehabilitation in two

distinct populations: wrist fracture patients and those with intramedullary osteosarcoma. Post-

fracture muscular recovery demands precise diagnostics, particularly the standardised Janda test for

reliable progress monitoring. Conversely, osteosarcoma rehabilitation prioritises verticalization

training to optimise centre of gravity control and activate postural muscles. This approach maintains

maximal sample heterogeneity, allowing monitoring of changes in both non-life-threatening and life-

threatening diseases.

Methods: We propose a methodological approach incorporating a value matrix based on fuzzy logic

at various significance levels to assess subjective, quasi-subjective, and objective health parameters.

Consequently, we have detailed step-by-step manual calculations of descriptive statistics, confidence

intervals, correlation analysis, t-tests, f-test, multivariate analysis, Kaplan-Meier curves and log-rank

test, to ensure methodological clarity.

Results: Our study found that 65 out of 600 scientific papers employed inaccurate or not-optimized

statistical models.

Conclusions: The aim of this work is to provide a methodological guide for the accurate application

of advanced statistical models in scientific research, particularly for early-career physicians.

Additionally, it aims to inform experienced professionals about potential ambiguities and procedural

steps when utilising "Black Box" software.
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1 INTRODUCTION

A wide range of parameters describing changes in a patient’s health status requires the use of different
statistical models in different situations. The correct categorisation of parameters and their evaluation is
also the basis for scientific verification of hypotheses. Since mathematics also contains spicy nooks and
crannies, it is crucial to understand statistical models and thus avoid bad or inaccurate interpretation of
hard-earned results. Software tools such as Statcheck.io can be employed to verify the mathematical accu-
racy of calculated statistics'. A serious problem in the interpretation of statistics is the mathematically cor-
rect calculation using an improper set or inappropriate statistical model. From the researcher’s perspective
this may lead to the incorrect acceptance or rejection of the studied hypothesis and consequently to errone-
ous conclusions. From the perspective of a physician, current practice is based on evidence and medical
science, requiring the active or passive acquisition of scientific information and verified research results.
Therefore, understanding statistical methods as a fundamental part of medical research is essential, not only
for evaluating the quality of final papers but also for correctly understanding the implications of research
results. Unfortunately, in recent years, we have encountered very frequent inaccurate use of statistical mod-
els across chemical and medical fields. Sometimes these are minor errors that do not alter overall tendencies
and trends, but other times they are critical errors. In accordance with general guidelines, we conducted a
review of 600 scientific papers published in medical journals from 2003 to 2025. The articles were ran-
domly selected and categorised based on their impact factor into five groups: a) IF: <6, b) IF: 6 - 12, ¢) IF:
12 - 18, d) IF: 18 - 24, and e) IF: 24 - 30. From each group, we randomly selected 5 papers from three
different journals for each year within the observed interval. The figure illustrates the frequency of the
identified statistical issues (Fig. 1).
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Figure 1 — Cumulative representation of the increase in the incidence of non-optimally used statistical models in medical-related
scientific articles for different categories of impact factors (IF) in the period 2003-2025.

It was found that 65 out of 600 papers (10.8 %) contained incorrectly applied or sub-optimally selected
statistical models, prompting us to write a study focused on the analysis of health status with methodolog-
ical guidance and a step-by-step resolution of important statistical models. Interestingly, no numerical er-
rors were found in any case, only suboptimal or even incorrect mathematical models. In instances where
issues were identified in medical journals with an IF < 18, an optimal model would have led to a partial
change in interpretation. For identified issues in journals with an IF > 18, optimisation would have resulted
in changes to the presented deviations or critical values.

The foundation of statistical monitoring of changes in a patient's health status lies in the selection of
relevant indicators, the method of information acquisition, and the choice of an appropriate mathematical
model®. These three steps guide us through confusing and seemingly unrelated data to either reject or con-
firm our hypothesis. In practice, selecting relevant indicators is often simplified using software?, published
studies, or scoring tables*. The score or indicator value classifies the patient into a disease subgroup, guiding
treatment or rehabilitation according to protocol. Restoration of physiological joint play according to Lewit
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in the region of the carpal bones represents a key benefit for ensuring the full range of motion and smooth
recovery of hand function. Scoring tables and questionnaires are based on validated expert experiences.
However, if no relevant scoring table exists for the monitored problem, we must identify the relevant pa-
rameters ourselves, focusing on those that most intensely depend on the disease's progression or regression’.

For statistical evaluation, we can use basic descriptive statistics, including mean, mode, median, varia-
bility, and standard deviation® or, we can apply more advanced models like correlation analysis, covariance
analysis, variance tests, and various T-tests’”. T-tests compare the means of two groups, while variance
tests assess variability within and between groups. More complex tests, such as ANOVA and MANOVA,
enable the comparison of multiple groups. ANOVA (Analysis of Variance) compares the means of three or
more groups, while MANOVA (Multivariate Analysis of Variance) extends ANOVA to compare multiple
dependent variables across groups'’. Modern statistical methods also allow us to track time-dependent phe-
nomena, such as patient survival or implant longevity, using tools like the Kaplan-Meier curve or Log-
Rank test. Employing appropriate statistical models for well-categorised patients provides clear insights
into how treatments affect health outcomes!!. Understanding treatment effects enhances our ability to refine
strategies and predict results. Effective treatment strategies for specific patient categories can reduce costs,
shorten treatment durations, prevent incorrect treatments, and improve prevention. A similar issue arises in
diagnostic approaches. We need information on the diagnostic value of a method, including sensitivity,
specificity, predictive values, and other parameters. The right diagnostic choice affects not only diagnosis
accuracy but also cost, risks, and overall benefits. A good example is the screening process, which requires
a method that is sensitive, widely available, and inexpensive. Effective screening should find the disease
early enough to significantly influence patient survival while minimising false negatives and positives'%.
The complexity of intensive and time-consuming therapies requires long-term monitoring of various pa-
rameters, posing a challenge in evaluating the true improvement or deterioration of a patient's health. There-
fore, we demonstrate the possibilities, advantages, and disadvantages of using individual statistical models
to assess health status changes using real data from two vastly different patient groups: those with non-life-
threatening conditions (wrist fractures) and those with life-threatening conditions (intramedullary osteosar-
coma).

2 MATERIALS AND METHODS

The aim of this study is to provide a practical overview of simple and advanced statistical models used
in medical research, which increasingly relies on "Black Box" software. Understanding the manual calcu-
lations of models will give the doctor-researcher in the days of developing artificial intelligence an im-
portant control over his own confidence in the selection of monitored parameters, as well as in the subse-
quent selection of parameters, in the categorisation of data or during the process of statistical evaluation of
the validity of hypotheses.

As objective parameters, we define parameters directly obtained by the measuring device or from la-
boratory results. These are completely independent of the patient and the doctor. Data recorded manually
by a person, such as a doctor, are defined as quasi-objective parameters. These parameters may be influ-
enced by error or the subjective experience of the physician, but not by the subjective view of the patient.
In contrast, data obtained from the patient's statements are defined as subjective parameters. The collected
data are evaluated using simple descriptive statistics, correlation analysis, variance tests, t-tests, Kaplan-
Meier curves, and log-rank tests.

In a statistical investigation, it is important to distinguish whether the observed parameter is numerical
or non-numerical®. For numerical parameters, the calculation involves a simple substitution into the math-
ematical model. For non-numerical parameters (such as verbal answers from patients), fuzzy logic is ad-
visable. To implement this, we propose the "value matrix" method, which assigns discrete (integer) values
to the various verbal responses within a question. Discrete values can be assigned according to the theoret-
ical strength of the responses (e.g., no, I don't know, yes) or to responses without strength dependence (e.g.,
red, green, blue). Using the value matrix requires rounding the average response to a whole number for
strength-independent answers and to two decimal places for strength-dependent answers. This method does
not create a scoring table but instead, it provides real descriptive statistics from a single patient response.
Value matrices are versatile and can be used anytime, but care must be taken to distinguish whether the
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verbal responses are qualitative or quantitative. For this work, we studied three questions: (1) Do you feel
pain in the limb when moving, (2) Do you feel pain in the limb at rest, and (3) Do you feel throbbing in the
limb. Answers were assigned integer values according to fuzzy logic, with yes=1, maybe yes=2, I don't
know=3, maybe no=4, and no=5. The transformed numerical data were then used for simple descriptive
statistics.

The first patient cohort consisted of 40 patients (23 females, 17 males) who had sustained a wrist
fracture. This cohort represented patients with a non-life-threatening disease. All parameters were moni-
tored: (I) before the treatment (II) after 3 months from the start of treatment during rehabilitation and (III)
after the end of the treatment. A schematic representation of the structured map is provided in Scheme 1
(S. 1). The monitored parameters included pain intensity as a subjective measure and muscle strength as-
sessed using a dynamometer as an objective measure. Early and targeted kinesiotherapy of the wrist after
removal of immobilisation strongly supports tissue trophicity. Sensorimotor training using unstable sur-
faces together with specific occupational therapy aids produces highly positive results in the restoration of
fine motor skills and grip dynamics.

o POPULATION 1: After the wrist fracture B
')./'”'? Non-life threatening disease
_ 23 Females (0 died) , 17 males (0 died)
T
SUBJECTIVE PARAMETER
® Feel of pain * Muscule strength
Based on patient”s opinion, not on exact measurement Measured by device - Dynamometer

/_
.

Before the treatment Before the treatment

After the 3 months of rehabilitation After the 3 months of rehabilitation

il

After the rehabilitation After the rehabilitation

Statistical evaluation

Statistical evaluation

descriptive statistics, value matrix,
two-sample unpaired T-test

categorized-correlation analysis, z-value, p-value,
confidence levels, confidence intenals

S. 1 — Schematics showing a structured map of monitored parameters and statistical models used in the analysis of Patient Group
1 (After wrist fracture - non-life-threatening condition).

The second patient cohort, representing a complex and life-threatening disease, included 26 patients
(12 females, 4 deceased; 14 males, 6 deceased) diagnosed with intramedullary osteosarcoma, whose pa-
rameters were monitored every month. In the case of this group, two patients were excluded because they
withdrew from the study or failed to attend follow-up visits. A structured map is represented by a schematic
(S. 2). The monitored parameters were the time required for patient mobilization to an upright position and
the patient’s running time on a 30-meter track two years after the beginning of the treatment as a quasi-
objective parameter. The use of balneological procedures and hydrokinesiotherapy in thermal water mark-
edly facilitates gait re-education due to water buoyancy, thereby maximising support for weakened lower
limbs. The dosing of physical load in oncological patients strictly respects the current tolerance of the or-
ganism, thereby ensuring optimal energy balance and supporting overall vitality. As a subjective parameter,
we chose the “feeling of pain” in the limb after physical exertion and “overall appetite” depending on the
time after radical resection. As an objective parameter, blood calcium concentrations obtained using two
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different laboratory methods were compared to determine whether the techniques produced statistically
equivalent results.

Complex & life threatening disease
12 Females (4 died) , 14 males (6 died)

I

QUASI-OBJECTIVE PARAMETERS

E POPULATION 2: Intramedullary osteosarcoma }

OBJECTIVE PARAMETER SUBJECTIVE PARAMETER

eAppetite vs. time after resection.
« Feel of pain vs. time after res.
Based on patient”s opinion , not on

exact measurement

# Determination of calcium
concentration in the blood
Measured in laboratory by

two different methods

*Time required for verticalization

* Patient’s running time
Measured or determined by a doctor
based on expertise

Blood calcium | Blood calcium

concentration | concentration
Method: Method:
SMAC ACChA

follow-up once a month for
24 months

follow-up once a month for
24 months

s =f f <[
=L el = sk

sf el =i ef
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Statistical comparison

Statistical evaluation

paired T-test descriptive statistics, correlation analysis, F-test, kaplan-meyer, log-rank

S. 2 — Schematics showing a structured map of monitored parameters and statistical models used in the analysis of Patient Group
2 (Intramedullary osteosarcoma - life-threatening condition).

3 RESULTS AND DISCUSSION

3.1 SIMPLE DESCRIPTIVE STATISTICS AND VALUE-MATRIX

Simple descriptive statistics are most appropriate for small patient groups. Indicators such as the mean,
mode, median, variability, and standard deviation help determine an individual's position within the set!*!4,
However, these statistics are insufficient for comparing large, heterogeneous groups of patients at a specific
level of probability or significance. Simple statistics cannot definitively confirm or refute hypotheses re-
garding changes in a monitored parameter post-treatment, as they do not account for normal distribution.
Nonetheless, they can effectively categorise patient groups. The terms "average" and "mean" are often used
interchangeably. The average specifically refers to the arithmetic mean (sum of values divided by the num-
ber of measurements), whereas the mean can include other types, such as geometric and harmonic means.
The K-means algorithm, often used in combination with artificial intelligence, is used for clustering and
comparing large datasets'>. Common descriptive statistics can be quickly calculated using a calculator or
Microsoft Excel® (Tab. 1).

Table 1 — The most common quantities of simple descriptive statistics.

Quantity What result do we get? Syntax in MS. Excel®
Mode The most frequent value of the measured parameter =MODAE(select_values)
. Determines the parameter value from which half of the data is greater

Median than and half of the data is less than =MEDIAN(select_values)
Arithmetic T.he. average value of a parameter (.:alculated as the sum of the values _ AVERAGE(select_values)

mean divided by the number of observations
Standard Precision, efficiency, or accuracy. SD describes how the values of the  _
deviation (SD) measured parameter differ from the average. STDEV.P(sclect_values)

— — 3 .
Variability él ;Ezérllsure of variability, by multiplying by * we get the standard de —VAR.P(select_values)

* The quantity is given only for the needs of advanced statistics.
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When applying descriptive statistics to patient data, it is crucial to use multiple descriptive quantities for a
comprehensive description, as relying on a single measure may be insufficient'®. Second table displays the
descriptive statistics for the "feeling of pain" parameter in patients after wrist fracture treatment and in-
tramedullary osteosarcoma resection (Tab. 2). For instance, the most frequent response (mode) for wrist
fracture treatment before the intervention is 1, indicating that most patients reported pain before treatment.
If the mode and median are numerically similar, it suggests a normal distribution of the parameter, suitable
for more complex analyses. Conversely, a significant difference between the mode and median indicates a
non-normal distribution, affecting the choice and setup of advanced statistical models'¢. If the mode ap-
proximates the mean, the arithmetic mean is a suitable descriptor for the "feeling of pain." The standard
deviation provides insight into the precision of patients' pain estimates relative to their group's average.
Comparing descriptive statistics before, during, and after treatment shows a gradual decrease in the "feeling
of pain" over six months. A comparison of patients revealed that those undergoing osteosarcoma resection
experienced a longer recovery period compared to those undergoing wrist fracture rehabilitation.

Table 2 — Indicators of descriptive statistics of the subjective parameter "feeling of pain" on a sample of patients with different
diagnoses before treatment, during rehabilitation and after the end of treatment.

Patients with a wrist fracture Patients with intramedullary osteosarcoma
Before 3 months after After Before 3 months after After
treatment treatment begin treatment treatment treatment begin treatment
Mode 1 2 4 1 1 4
Median 1 2 4 | 1 3
Average 1.4 23 3.75 2 1.3 3.1
SD +0.5 +0.9 +1.2 +1.3 +0.63 +1.1

*1=yes, 2=maybe yes, 3=don't know, 4=maybe no, 5=no

But what does the term recovery mean, and what significance does it hold in the case of a serious disease
where some patients are cured, but a significant number die? Simple statistics cannot provide this answer
in one step, thus, more complex models are necessary'’ . Interpreting simple statistics can be challenging
and may lead to incorrect conclusions, particularly with complex therapies and confounding factors'”'8. In
such cases, numerical values might be misleading, requiring experience for accurate interpretation. As the
patient number increases, the complexity and interpretability of simple statistics also grow. Advanced sta-
tistical models, based on normal population distribution, simplify interpretation by confirming or refuting
hypotheses with a high level of probability. These models integrate multiple simple statistical indicators
into a dimensionless number, representing a normal patient population®. They can confirm or refute hy-
potheses at various probability levels by incorporating a normal distribution of expected parameter values
and considering small patient numbers with extreme parameter values, which may result from factors such
as hypochondria, hypersensitivity, or reduced sensitivity. Advanced models produce a dimensionless num-
ber that combines multiple simple statistical indicators to represent a normal patient population. However,
this approach sacrifices detailed numerical insights, such as average age or average muscular strength. In-
stead, we obtain information about the validity of our assumptions through specific "yes" or "no" outcomes.
The foundation of complex statistics lies in confidence intervals, based on a distribution function, which
define the maximum allowable upper and lower deviations of the measured parameter values?'.

3.2 SYMMETRIC AND ASYMMETRIC CONFIDENCE INTERVALS

The upper and lower deviation of measured parameters from the expected average value can be defined
using either the standard deviation (SD) or the confidence interval (CI). These metrics allow us to distin-
guish between two sets of patients with identical modes, medians, and arithmetic means but differing in
measurement accuracy or efficiency. Although both SD and CI indicate precision, they provide different
interpretations. SD indicates the average deviation from the mean, where smaller values indicate more pre-
cise measurements or less variability between patient values. In contrast, CI describes the range within
which the measured value is likely to fall with a certain probability, smaller values indicate a more precise
estimate, reflecting higher reliability. The confidence level (CL) determines the probability of the CI and is
typically set at 95% in medical statistics??>. Lower confidence levels allow for more deviations in the
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calculation. In medical applications, CI is often calculated as a distribution function of the mean (Cly,0qn),
assuming a normal distribution of the monitored parameter, described by a Gaussian curve encompassing
the most probable and least probable measured values (Eq. 1).

_ -SD
Clpoan = % + 2 = (Eq. 1)

Where X is the sample mean, n is the sample size, and z is the z-score corresponding to the desired
confidence level. The z-score, a standardized value, indicates the number of standard deviations from the
mean for specific confidence intervals. Common z-values and corresponding p-values are shown in table
(Tab. 3). The p-value, often displayed in scientific publications, represents the probability of error, with the
p-value multiplied by 100% indicating the error probability.

Table 3 — Z-values for calculation of a confidence intervals on a different confidence level.

Confidence level 80 % 90 % 95 % 99 %
z-value 1.282 1.645 1.960 2.576
p-value (two-tailed) 0.2 0.1 0.05 0.01

Confidence intervals are crucial in advanced statistical models to determine which measured values fit
within the interpretation range. In this study Cl,;.4, for muscular strength were determined by a dynamom-
eter (Kern MAP 130K1) in a sample of 40 patients (23 females, 17 males). This method provides objective
measurements, free from subjective biases. Calculated Cl,,.,, for different confidence levels are presented
in table (Tab. 4).

Table 4 — calculated values of the lower and upper limits of CI for two different confidence levels. Values represent hand
muscular strength measured with a dynamometer.

Gender Necessary quantities Confidence lexel 99 % Confzdence lexel 95 % Conijdence leXel 90 %
(z=2.576, p=0.01) (z=1.960, p=0.05) (z=1.645, p=0.10)
n x SD Clupper CIlower Clupper Cllower Clupper Cllower
Males 17 346 42 372 320 366 326 362 329
Females 23 291 60 323 258 316 266 312 270

*Units = Newtons

The figure (Fig. 2) illustrates the difference in Cl,y,,.4, and their reduction with decreasing CL. Red,
green, and blue bars represent Cls for 99% (p = 0.01), 95% (p = 0.05), and 90% (p = 0.10) confidence
levels, respectively. The height of the columns indicates the arithmetic mean of muscular strength for males
and females.

In the figure 2, standard deviation represented as + intervals around the mean, remains constant regard-
less of the confidence level (CL) and includes all potential probabilities and extreme errors. To accept a 1%
error probability, we calculate the Cl,.q, at @ 99% CL (Fig. 2). The resulting Cl,,,04, 1S smaller than the
original interval defined by the SD. As the CL decreases from 99% to 95% and finally to 90%, the Cl,,cqn
narrows, excluding more data points and admitting more errors. This shrinking Cl,,.4, 1ndicates which
patients' data remain statistically reliable despite measurement errors. In our research, the Cl,,,,, on the
vertical axis defines the maximum and minimum acceptable muscular strength values. Each Cl,,.4, 1m-
plicitly includes the variability described by the SD, eliminating the need for separate error bars for SD. For
accurate data interpretation, we must decide whether to show the dispersion of all measurements around
the mean (SD) or define an interval of reliable values (CI), excluding certain error data among the patients.

A common mistake in professional papers is implicit assuming symmetrical Cl,, .4, distributions around
the mean. Symmetrical confidence intervals are typically obtained when the sampling distribution of the
estimator is assumed to be symmetric, such as under normality assumptions, but other situations may re-
quire different distribution functions, resulting in asymmetrical CIs.
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Figure 2 — Averages x of muscular strength among males and females before wrist rehabilitation (columns) together with cal-
culated confidence intervals based on the distribution function of mean. Calculations were carried out for a three different con-
fidence levels red) 99 %, green) 95 %, blue) 90 %. Calculated confidence intervals delimiting the confidence region of the data
with different probabilities are compared with the black) standard deviations.

If the data do not follow a normal distribution, non-parametric confidence intervals should be used. One
common method is bootstrapping (iterative method), which does not assume a specific known distribution
and calculates the Clyoor5trap by repeatedly resampling the dataset with replacement and computing the
desired statistic. This calculation can be easily provided by statistical software. When dealing with small
sample sizes, the t-distribution is used instead of the z-distribution. The confidence interval for the mean
with a t-distribution CI; is calculated using the equation 2.

Cli=x+t-SD /\n (Eq. 2)

Where t is the t-score corresponding to the desired confidence level and degrees of freedom (fgegq)-
Degrees of freedom can be easily calculated as the sample size or number of samples n using the formula
n — 1. For proportions or percentages, the Wilson score interval provides a more accurate confidence
interval, especially with small sample sizes or extreme proportions. While the Wilson confidence interval
Clyiison provides better coverage than many other methods, its calculation is more complex, involving a
quadratic equation and a more intricate solution process (Eq. 3), but is relevant also for small groups.

Clwiison = = Zzn i (Eq. 3)

Here, p is the sample proportion, n is number of samples, and z is the z-score corresponding to the
desired confidence level. Interestingly, SPSS does not include a specific procedure for this calculation, but
it allows it using commands. Variance confidence intervals, for variance and standard deviation require the
chi-square y? distribution and is defined as interval between the points (Eq. 4).

(Eq. 4)

Where 2, and )(Lzlpper are the chi-square critical values for the desired confidence level with n — 1
degrees of freedom. In cases where data are skewed, transformations such as log transformation can nor-
malize the data before calculating the confidence interval. Alternatively, the CI profile likelihood method
can be used in statistical software. In biological and medical data evaluations, we recommend displaying

1

_ 2 (o 2
Clyariance = (lower,upper) = ((n DL Gb Ll )

2 2
Xiower Xupper
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CIs at a specified confidence level rather than a generalized + SD interval. This approach ensures a clear
understanding of the range within which true parameter values are likely to fall, providing a more accurate
and reliable basis for statistical interpretations.

Survival analysis often uses Greenwood confidence intervals CI;. The Greenwood formula provides a
measure of the precision of survival estimates in Kaplan-Meier survival analysis by estimating the variance
of the survival probability at each time point. This variance is used to construct confidence intervals around
the Kaplan-Meier survival estimates, indicating the range within which the true survival probability is likely
to lie. The formula calculates the variance based on the number of patients at risk and the number of events
(e.g., deaths) at each time point. Using the normal approximation, the confidence intervals are defined by
equation (Eq. 5):

CIG = S i Z VaTG (Eq. 5)

Where S is the Kaplan-Meier survival estimate at specific time, Varg is the variance of the survival
estimate at this time calculated using the generally known Greenwood formula and Z is the Z-value from
the standard normal distribution corresponding to the desired confidence level. These intervals provide a
statistical range likely containing the true survival probability, quantifying the uncertainty in the survival
estimates.

33 CORRELATION ANALYSIS: EVALUATING TREATMENT EFFECTIVENESS AND HEALTH
IMPROVEMENT

The methods of correlation analysis allow us to confirm two fundamental assumptions. First, correlation
analysis helps determine whether a dependence exists between a time-dependent trend and a monitored
parameter. Second, it provides information on whether the evolution of the parameter is influenced by a
defined factor?>. In monitoring health parameters related to disease progression, correlation analysis can
assess whether a given treatment influences a patient's health (direction of effect) and the strength of that
effect®®. Additionally, this method allows us to observe the effects on various subgroups defined by age,
gender, or specific comorbidities. Although the same mathematical tools are employed in both scenarios,
the interpretations differ. Correlation analysis in medical research can be categorised into several types.
Logarithmic and exponential correlations are used when the relationship between variables is nonlinear and
can be more accurately described using a logarithmic scale. This includes methods where electromagnetic
radiation or acoustic waves interact with body structures that exhibit high and frequency-dependent scat-
tering. Another approach is a combination of linear and logarithmic correlation, in the research of enzymatic
reactions and receptor responses, where the obtained graph is divided into two or more different functions,
each correlated separately. Linearising non-linear data can be achieved through mathematical transfor-
mations or curve fitting, but correlation analysis should primarily be reserved for clearly linear dependen-
cies.

Linear correlation is commonly used in ophthalmology, medical imaging, endocrinology, oncology, ep-
idemiology, cardiology, genetics and genomics, neurology, and pharmacology. It is applied for optical and
low-scattering spectroscopic methods, biomarker validation, drug efficacy studies, and ECG analysis,
where the relationship between variables is represented by a straight line as a function of signal intensity
after interaction with the sample. The strength of linear corelation is represented by the slope of the trendline
indicates the effectiveness of a treatment or the progression of a biomarker. The linear trendline display
function represents a linear fit to the data and is defined by the equation 6.

y = slope - x + intercept (Eq. 6)

Here, the £ slope describes the rate of increase or decrease of the dependence, while the intercept indi-
cates the estimated value at x = 0. Generally, a larger slope signifies a stronger dependence. The accuracy
of parameter monitoring can be assessed based on the distance of the graph points from the trend line,
described by the correlation coefficient. The most used linear correlation coefficients for linearly dependent
data are Pearson’s correlation coefficient, or the R-square coefficient of determination (R?). For linearly
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dependent data, obtaining R? is straightforward using the trend line display in MS Excel (Fig. 3). In medical
research, R? thresholds confirm or refute correlation. Values close to +1 indicate excellent linear correlation
due to treatment, whereas values near zero imply no significant effect on the monitored parameter.

] a) =  Females b)

e Males 10 +
Linear Fit of (F)
— Linear Fit of (M)

y=1.8x-0.8

y=-939x+9437
R?=0.9860

R2=0.9872

] y=-1242x+10356 y=1.3x-0.4 b

Relative concentration of
inflammatory markers (a.u.)
1 " " "

Average increase in appetite
(Appetite level from the value matrix)

R?=0.9846 5. R?=0.9877 1
2 = Females
7 7 e Males
14 Linear Fit of (F)
7 7 — Linear Fit of (M)
T T T T T T T T T T T T T
0 1 2 3 4 5 6 1 2 3 4 5 6
Time (Weeks) Time (Weeks)

Figure 3 — Obtained correlations for patients after osteosarcoma resection a) average concentration of inflammatory markers in
blood serum and b) increase in appetite as a function of time. In all cases, the correlation coefficient R? is close to 1, indicating
excellent reliability.

For objectively obtained data (e.g., from a device or laboratory), correlation is confirmed when R? > 0.95.
For quasi-objective data (estimated by expert), correlation is considered when R? > 0.90. For subjective
data (patient-based answers), correlation should be confirmed for R? > 0.80. The threshold values decrease
due to an increasing rate of errors and inaccuracies that obscure the true value of the parameter with de-
creasing objectivity of data acquisition'®?, It is important to note that correlation does not imply causation,
because there may be confounding variables that affect the results. Therefore, more precise conclusions
must be confirmed by further tests.

In the figure 3, we observe trend lines for the concentration of inflammatory markers and increased

appetite over time after osteosarcoma resection for men and women. The decrease in inflammatory markers
is 32 + 2% more intense in men, despite similar R? values (Fig. 3a). Conversely, the increase in appetite,
determined using fuzzy logic, is 27 + 2% higher in men (Fig. 3b). The correlation coefficients for these
trends may be similar but are unrelated to the trend line slopes.
Another situation is clustering. The graphical representation of hand muscular strength before and after
wrist fracture treatment (Fig. 4) shows two clusters of points around the trend line and one cluster outside
of it. These clusters can usually be matched with clinical data, indicating that muscular strength changed
similarly in both subgroups during treatment. Points outside these clusters are considered errors or may
represent extreme cases or unknown subsets with specific comorbidities. We can also estimate whether
there is an improvement or deterioration of health. If there is no change, the measured values of muscular
strength before and after treatment would be similar, represented by a trend line with a slope close to f =
45° (slope = tan ). The more the slope differs from 45°, the more intense the health change is. For pa-
rameters that do not exhibit linear dependence, linear correlation cannot effectively evaluate health status
improvement or deterioration.
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Figure 4 — Dependence of hand muscular strength before and after treatment of a wrist fracture. Two groups of points (blue)
around the trend line are observable and belong to females and males. Excellent correlation R? = 0.9762 indicates improvement
in muscular strength during treatment. Excluded points (red) represent obvious deviations from the trend line. It was not possible
to categorize the unknown group according to the available data.

Figure 5 illustrates results where linear correlation is not applicable. In Fig. 5a, the absence of a systematic
arrangement of points around a straight-line result in a low coefficient of determination, indicating no linear
relationship. Conversely, Fig. 5b displays a reversed parabolic curve, suggesting a non-linear dependence
despite an extremely low R?. This implies a potential square root relationship rather than a linear one. When
linear correlation is insufficient, more advanced methods are necessary. Partial correlation controls for ad-
ditional variables, providing clearer insights into the relationship between two variables. Multiple correla-
tion examines relationships among more than two variables, offering a broader understanding of complex
interactions in medical data. Ensuring statistical significance is also crucial, typically evaluated using p-
values to confirm that observed relationships are not due to random chance. By employing these advanced
methods and rigorous statistical testing, a more accurate and comprehensive analysis of medical data can
be achieved.

T T T T T T T T
| a) = Patient’s weight b) = Osteoblasts/mm?®
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Figure 5 — The problems with a low correlation coefficient can be a) dependence of population age as a function of weight,
where correlation coefficient is applicable and shows independence. On the contrary b) time dependence of cyclically applied
magneto-therapy on osteoblast growth, which is non-linear but correct and therefore R? cannot be applied.
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34 ADVANCED STATISTICAL ANALYSIS IN MEDICAL RESEARCH

Unlike simple descriptive statistics, which provide numerical information about samples or groups, ad-
vanced statistical models based on normal distribution confirm or reject a null hypothesis (H,). Therefore,
it is crucial to formulate the H, before initiating any calculations. A hypothesis can be any statement that
will either be validated or unequivocally rejected. The boundary between the validity or rejection of the
hypothesis is defined by the significance level («), which is derived from the normal distribution of the
general population®.

The basic assumptions of a normal population include a heterogeneous population with normally dis-
tributed parameter values, encompassing both positive and negative extremes. According to the central
limit theorem, the distribution of sample means approximates a normal distribution as the sample size in-
creases, regardless of the population's distribution, given that the sample size is sufficiently large. In a
normal distribution, a is a chosen threshold, typically set at conventional values like 0.1, 0.05, or 0.01. The
smaller the significance level, the smaller the probability of observing a difference purely by chance. When
using statistical tests based on normal distribution, it is crucial to validate the assumption of normality. This
can be done using normality tests such as the Shapiro-Wilk test or by examining Q-Q plots. Correct selec-
tion of the significance level helps mitigate the impact of errors, outliers, and extreme values. In statistical
research, we manually choose the threshold significance level. This value precisely determines the refer-
ence limit for rejecting the hypothesis, also known as the critical value. For measured objective parameters,
a significance level of @ = 0.05 is recommended. For quasi-objective parameters obtained by a clinician, «
= 0.1 is suggested, while for subjective parameters defined by the patient and their perceptions, & = 0.2 is
recommended.

During hypothesis testing, it is essential to consider the possibility of errors. A Type I error occurs when
a true H, is rejected (false positive), while a Type II error occurs when a false H, is not rejected (false
negative). The a represents the probability of making a Type I error. The p-value indicates the probability
of observing the test results under the H,. A p-value lower than the chosen a suggests that the H, can be
rejected, indicating statistical significance. The power of a statistical test is the probability of correctly
rejecting a false null hypothesis. It depends on the significance level, sample size, and effect size. Higher
power reduces the likelihood of a Type II error.

The selected critical value of the significance level a is then converted into a critical F-value (F,;;)
and a critical T-value (T,,;;) for a variance F-test and Student’s T-test, respectively. The critical values of
F..i and T..;; for the same a have different values. These values can be easily obtained from relevant
statistical tables or using Microsoft Excel® 2’. In addition to critical values, we need to calculate the de-
scriptive F-value (F) and T-value (T) describing our datasets. These values result from specific combina-
tions of simple descriptive statistics indicators. By comparing the critical values with our calculated T and
F values, we determine whether our calculated values are lower than their critical values. If the T and F
values are lower than their respective critical values, the datasets are statistically insignificantly different
(subcritically matched). Conversely, if our values are greater than the critical values, we confirm that the
sets are statistically significantly different. If these sets are significantly different, we can conclude that the
treatment led to either an improvement or deterioration of the patient's health. When using the F-test and
T-test, it is important to adhere to their respective assumptions. The F-test assumes homogeneity of vari-
ances, meaning the variances of the populations being compared should be equal. The T-test assumes equal
variances and normality of the data. Note that Welch's T-test can be used if the assumption of equal vari-
ances is not met. In addition to statistical significance, it is important to consider the effect size, which
measures the strength of the relationship between variables or the magnitude of the difference between
groups. Common effect size measures include Cohen's d for the T-test and n-squared for the F-test. A
statistically significant result does not always imply practical significance. While statistical significance
indicates that an effect exists, practical significance assesses the real-world relevance or importance of that
effect. We always consider the statistical set as a half-full and half-empty bottle, where confirming and
refuting specific hypotheses can validate the same causality from either a negative or positive perspective.
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34.1 F-TEST: EVALUATING OSTEOSARCOMA TREATMENT SUCCESS IN MALES AND FE-
MALES

To determine if the distribution of a parameter in two large groups of patients differs significantly, we
employ variance testing, specifically the F-test. This method is suitable as we are not examining paired
values, making it unnecessary for both groups to have equal sample sizes?®. The F-test allows us to compare
variances to identify differences in objective, quasi-objective, and subjective parameters. We conducted a
variance test to analyse the verticalization ability of patients who underwent intramedullary osteosarcoma
resection. The objective was to determine if there were significant differences in the ability to run between
male and female patients two years post-surgery. Due to mortality and immobility, the sample sizes for
males and females were unequal. Preliminary correlation analysis indicated gender differences in vertical-
ization improvement, with males showing shorter and females showing longer durations. However, the
impact of this difference on the ability to run was unclear. We hypothesized (H,) that the recovery dynamics
or efficiency between men and women in remission after intramedullary osteosarcoma treatment would
differ. The calculation and results are presented in table (Tab. 5).

Table 5 — Statistics calculated from the running times of patients with different length of treatment.

Men Women

Necessary quantities (Running time/30m) (Running time/30m) Data calculation formula
Mean X, = 9.46 X, = 10.12 &
Variance var; = 0.3301 var, = 0.4521 *
) ) variance - number of patients
Estimated variance varye;; = 0.3405 varye,; = 0.4689 = -
number of patients — 1
Number of patients n, =8 n, =6
Degrees of freedom faeg1 = 7 faegz = 5 = number of patients — 1
var,
F value 1.3771 =—r
VaTrer2
e (Calculation in MS. Excel®
Critical value F i 3.3679 using =FINV(0.10;7;5)

e Find data in statistic “F” table

* Equations and syntax for calculation in MS. Excel® are given in the chapter "simple statistics."

Given the quasi-objective nature of the stopwatch-based measurement, a significance level of & = 0.10
was chosen. The calculated F was lower than the critical F_,.;;, indicating no significant difference between
the groups (Tab. 5). Thus, despite differences in sample sizes and mean recovery times, the groups did not
show significant differences at @ = 0.10. Both male and female patients demonstrated similar running
performance regardless of the treatment duration. The F-test was performed by comparing group variances
using their ratio. This ratio is compared to a critical value from the F-distribution table, determined by the
chosen a and the degrees of freedom of each group. Additionally, it's important to verify the assumptions
of the F-test, which include the independence of observations, normally distributed populations, and homo-
geneity of variances. If these assumptions are violated, the results of the F-test may not be reliable. The F-
test is a crucial tool in ANOVA (Analysis of Variance) or MANOVA (Multivariate Analysis of Variance)
methods, where it is used to compare variances and test for significant differences across multiple datasets.
This makes the F-test versatile tool in analysing experimental data where comparison of variability is re-
quired.

3.4.2 T-TEST: EVALUATING DIFFERENCES BETWEEN PATIENT GROUPS

The T-test (Student's test) is used to compare the means of two data sets to determine if they are signif-
icantly different from each other. There are several approaches to the T-test, with the most common versions
being the one-sample, two-sample (unpaired), and paired T-tests. The one-sample T-test compares the mean
of a single group of patients to an expected reference value, determining if the mean of the sample signifi-
cantly differs from the known or hypothesized population mean. The two-sample (unpaired) T-test com-
pares the means of two independent groups of patients, assessing whether the means of two unrelated groups
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differ significantly at a given a. The paired T-test compares two sets of values that are paired or matched
in some way, such as pre- and post-treatment measurements for the same patients, requiring pairs of values
strictly assigned to each patient to determine if there is a significant difference between the paired observa-
tions. Before choosing the appropriate type of T-test, it is essential to consider whether we are comparing
the entire group against a reference value, against another independent group, or comparing paired values
within a single group®. In contrast, T-test focuses on means, while the F-test focuses on variances. The F-
test is often used in Analysis and Multivariate Analysis of Variance (ANOVA and MANOVA) to compare
multiple groups. The paired T-test specifically handles paired data, a consideration not typically addressed
by the basic F-test.

3.4.2.1 TWO-SAMPLE UNPAIRED T-TEST: ASSESSING CHANGES IN HEALTH STATUS

For comparing the similarity or difference between two groups of patients, a two-sample unpaired T-test
is appropriate. This test can be used as a supplementary and verifying statistical model for correlation anal-
ysis. The two-sample unpaired T-test allows for the calculation of statistically significant changes during
treatment. A key advantage of the T-test over correlation analysis is its purely mathematical foundation,
which eliminates the need for graph evaluation. Additionally, unpaired T-test does not require pairs of
values (before and after treatment) for each patient, as correlation analysis does. This flexibility allows for
the inclusion of patients who did not return for a follow-up check-up or who died. It is not essential for the
parameter values before and after treatment to belong to the same patient, as the test focuses on the overall
group rather than individual patients. However, this test cannot be used to evaluate differences in the effec-
tiveness of two different treatment methods, which would require monitoring paired data matched to indi-
vidual patients.

For practical explanation we analyse studied dataset. Each of the 40 monitored patients with a wrist
fracture underwent dynamometric measurements of strength in the affected hand. The first measurement
was taken at the end of the third month of treatment (recorded in the first column in MS Excel®), and the
second measurement was taken after the completion of treatment (recorded in the second column in MS
Excel®). Since it is not possible to measure muscular strength immediately after the injury, the first meas-
urement is considered "before treatment." The order of the patients is not important in this method, nor is
the assignment of pairs of values to specific patients®. The calculation provides accurate results regardless
of whether the two columns are of equal length, which can occur if some patients do not return for follow-
up or due to their death. The independence from column lengths increases the robustness and applicability
of the method. H, was: "After the treatment, the health status of the patients improved significantly." Cal-
culation procedure is described in the subsequent steps that are visualised in the scheme (S. 3).

Descriptive statistics

PREPARATION STEP 1 STEP 2 STEP 3
A null hypothesis Ho Calculation of statistical Are the variances before Statistical comparison of
that we will confirm indicators needed for and after treatment whether there were
or refute. further calculations. subcritically equal? If significant changes
YES, we can proceed. before and after treatment

S. 3 — Schematic diagram mapping the procedure of obtaining the result when using the Two-sample unpaired T-test.

Step 1) We calculate basic descriptive statistics separately for the "before treatment" and "after treat-
ment" columns in MS. Excel®. The calculated data are shown in the table (Tab. 6). Firstly, we will use an
F-test, that verify the similarity of the variances of both columns (e.g., groups of patients or stages of treat-
ment stages). If no statistically significant difference is observed, we can subsequently calculate the T-test
corresponding to the formulated hypothesis Hy. It should be noted that there are specific cases where a
comparison of F and F_,;; can be used as a statistical model to evaluate the difference or similarity of two
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groups. However, it answers another question, which is whether these two groups have the same or different
variance of the monitored parameter. Thus, it can compare whether the group of females and males, the
group of children and adults are similar. However, it does not tell us whether one group changed signifi-
cantly compared to the reference group.

Table 6 — Statistics for dynamometrically measured hand muscular strength before and after wrist fracture treatment.
Necessary quan- Calculated from col. I Calculated from col. 11

tities (3" month after injury) (After treatment) Equation
Mean X, = 314 X, = 378 <
Variance var; = 3574 var, = 2889 *
i i- variance - number of patients
Estimated vari VT, = 3666 Vars,, = 2964 _ . |y
ance number of patients — 1
Nurpber of pa- n; =40 n, = 40 = number of patients in column
tients
(Digeinees oif e~ faeg1 = 39 faeg2 = 39 = number of patients — 1
dom
var,
F value 1.2371 =T
VaTyer2

e Calculation in MS. Excel® us-
1.7045 ing =FINV(0.05,39;39)

e Find data in statistic “F” table
* Equations and syntax for calculation in MS. Excel® are given in the chapter "simple statistics."

Critical value
F crit

Step 2) Compare the calculated F value with the reference F_,.;; (Tab. 6). This step determines whether
the variances of the two groups are statistically equal. If the variances of both columns are comparable. If
F > F_,.;; , there is a statistically significant difference between variances. If F < F_,.;;, there is no statistically
significant difference between variances and the columns are considered similar. For objective parameters
measured by a dynamometer, « = 0.05 is appropriate. The critical value F,;; can be obtained from the F-
distribution table or calculated in MS Excel® using =FINV(0.05, 39, 39), where both 39 represents the
degrees of freedom for each group. If F is lower than F,.;;, proceed with the T-test. Calculate the T,;;
value using MS Excel® with =TINV(0.05, 78), where 78 is the total degrees of freedom (sum of degrees
of freedom for both columns). The result is T,;; = 1.9908.

Step 3) the equation for calculating the T value is quite complex, but we already know all the variables.
Therefore, there is no need to worry, but with the help of a calculator and paper, we will quickly get the
result. Term |X, — X;| denotes the positive difference between the averages, which we substitute into the

formula (Eq. 7).
T — |f2_f1| . ’nl'nz '(T:-l+n2 _2) — 49366 (Eq- 7)
J(nrmlrrehz"' Ny VaTreiz?) e

Where x; and x, are the means of each column, n; and n, are the number of patients in each group, and
var, and var, are the variability estimates (Tab. 5). For our data, T = 4.9366 which is significantly higher
than T,,.;+ and the hypothesis H, is confirmed, indicating significant improvement in hand muscular strength
at a = 0.05. If the change is insignificant despite observable improvements, the monitored parameter or
used ¢ may be inappropriate. Increasing a, decreases accuracy and increases the risk of errors, so it is
advisable not to exceed a = 0.30. A lower a reduces the error rate and increases reliability.

3.4.2.2 PAIRED T-TEST: COMPARING EFFICIENCY OF RESULTS SIMILARITY OF TWO METH-
ODOLOGIES

In postoperative care following the resection of intramedullary osteosarcoma or during the healing of

fractures, monitoring calcium (Ca?*) or calcitonin concentrations in the patient's blood is essential®!. If

paired data for each patient is unavailable, that patient must be excluded from the analysis. This requirement
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for paired data is a fundamental difference from the two-sample unpaired T-test. The first option, which we
did not study due to its similarity to previously addressed studies, includes monitoring calcium concentra-
tion at the beginning and end of postoperative treatment to obtain paired values for each patient. The second
option, which we evaluated in this study, is to compare two methods of measuring blood Ca?* concentra-
tion within a group of patients. In both scenarios, patients who missed the second check-up or died must be
excluded due to the lack of paired values. The hypothesis H, was that both methods are equally representa-
tive. Blood Ca?* concentration was measured using the Standard SMAC blood test (SMAC)?? and the
Advanced Clinical Chemistry Analyzer (ACChA)*. In MS Excel®, we created three columns: (I) measured
calcium concentrations by SMAC, (II) measured concentrations by ACChA, and (III) the absolute differ-
ences between the two methods for each patient. If the subtraction results in a negative number, it is con-
verted to a positive value. This column of positive differences is used for calculations as well as statistical
parameters needed for evaluation of the paired T-test (Tab. 7). After calculating the differences of all pairs
(rows), we average them to obtain the value Difyperqge Shown in the table (Tab. 7).

Table 7 — Statistics calculated from blood Ca®" concentrations determined by two different methods.
Ca?" concentration Ca** concentration

Necessary quantities determined by SMAC determined by ACChA Equation
, = |value in (I) — value in(II)|

IDif| i (1) (Coolmiti () Repeat for each row separately
Average of positive . _ _
differences Difsverage = 0.01 = AVERAGE (select_column III)
Variance of differences
var gy varg;y = 0.0003 = VAR. P(select_column III)
SD of differences SD = 0.0183 = STDEV.P(select_column III)
Number of patients n=12
Degrees of freedom faeg = 11 = number of patients — 1

e Calculation in MS. Excel® using
Critical value T, 2.2010 =TINV(0.05;11)
o Find data in statistic “T” table

Out of 26 patients diagnosed with intramedullary osteosarcoma, only 12 had blood tests performed by
both methods and were included in the paired T-test calculation. Given the objective nature of calcium
concentration measurements due to the accuracy of laboratory diagnostics, we chose a significance level of
a = 0.05. The final step is to calculate the T4, value. The paired T-test relies solely on the column of
differences (III), simplifying the calculation (Eq. 8).

Difgyerage " Vn—1
Tpair = ~L22r99e Y00 = 18166 (Eq. 8)

Substituting the descriptive statistics from Table 6, we calculated T, 4 = 1.8166. This value is lower than
T.rie = 2.201, indicating at a significance level of @ = 0.05, no significant difference was observed be-
tween the SMAC and ACChA methods in measuring blood calcium concentration in patients after resection
of intramedullary osteosarcoma.

3.5 SUPPORTIVE THERAPEUTIC APPROACHES AND STATISTICAL INCLUSION OF THEIR EF-
FECTS

Additional supportive therapeutic approaches, including music therapy, hippotherapy, virtual reality as-
sisted rehabilitation, mindfulness-based interventions and, in selected settings, art therapy or animal as-
sisted therapy, are increasingly used as adjuncts to standard clinical care®*>®. They should not be interpreted
as substitutes for surgery, pharmacotherapy, physiotherapy or established rehabilitation protocols. Their
expected contribution is mainly related to symptom burden, pain perception, anxiety, mood, cooperation,
adherence, rehabilitation engagement, quality of life and selected functional outcomes. Therefore, their
effects should be analyzed using the same methodological rigor as other subjective, quasi objective and
objective parameters considered in this work.
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Music therapy is evaluated statistically in the same general way as interventions in psychology, rehabil-
itation and clinical medicine. The primary aim is to determine whether a defined outcome changes after a
specified number of therapeutic sessions, either within short term or long-term therapeutic goals, and
whether this change differs from that observed in a control condition. Monitored outcomes may include
eye contact, attention maintained for a defined time interval, participation in group activity, respect for
rules, behavioural regulation, satisfaction with life, pain intensity assessed by a visual analogue scale, func-
tional independence assessed by the Barthel Index, motor recovery assessed by Brunnstrom stages or spas-
ticity assessed by the Modified Ashworth Scale. Music therapy is therefore most relevant for evaluating
subjective and quasi objective outcomes related to pain perception, emotional regulation, attention, social
interaction, motivation and cooperation with rehabilitation.

Hippotherapy is an adjunctive rehabilitation method based on the therapeutic use of horse movement.
Rhythmic multidirectional motion may support postural control, trunk stability, balance, gait related func-
tion and sensorimotor integration, particularly in selected neurological and musculoskeletal rehabilitation
settings. Its effects should be interpreted cautiously because the evidence is condition specific and protocol
dependent. Therefore, hippotherapy should be evaluated using clearly defined functional outcomes, such
as balance score, gait quality, sitting stability, trunk control, gross motor function and patient safety indi-
cators.

Virtual reality assisted rehabilitation enables repeated task-oriented training with structured visual, au-
ditory or sensorimotor feedback. This approach may improve patient engagement and support motor learn-
ing, balance training, gait rehabilitation, upper limb exercise and selected activities of daily living. Its effect
can be assessed using objective parameters, such as range of motion, walking speed or task completion
time, together with clinical scales and patient reported outcomes.

Mindfulness based interventions may improve coping with pain, anxiety, depressive symptoms, per-
ceived stress, sleep quality and psychological adaptation to chronic disease. These effects should not be
interpreted as direct evidence of accelerated tissue regeneration. Mindfulness based outcomes are most
appropriately evaluated through subjective and quasi objective parameters, including anxiety score, pain
score, perceived stress, sleep quality, treatment adherence and quality of life.

Art therapy and animal assisted therapy may be clinically useful in selected patients with reduced moti-
vation, chronic stress, anxiety, social withdrawal or long-term rehabilitation needs. Their expected effects
are usually related to emotional expression, social interaction, motivation, adherence, attention and per-
ceived wellbeing rather than direct restoration of tissue structure. Their evidence base is more heterogene-
ous and outcome dependent, so their evaluation should remain limited to clearly defined behavioural, psy-
chological or patient reported outcomes.

The statistical inclusion of supportive therapies should follow the scale type and study design. For con-
tinuous outcomes assessed in the same patients before and after therapy, the paired T-test may be used if
the paired differences are approximately normally distributed. For each patient, the paired difference is
defined as equation 9.

di=Y2i— Y1 (Eq.9)

where y, ; is the post intervention value and y, ; is the pre intervention value. The mean paired change,
standard deviation of paired differences, paired T-statistics are calculated using equations 10-12.

- 1
d-1yr,a, (Eq. 10)
Ly(=d)’
sq = (22D (Eq. 11)
d

The number of degrees of freedom is n — 1. The 95 % confidence interval for the mean paired change is
(Eq. 13).
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d+ty_aqzn1 % (Eq. 13)

The change should be reported together with its mean difference, confidence interval and standardized
effect size. For paired measurements, the effect size based on difference scores is (Eq. 14).

d
d, = - (Eq. 14)

For small patient groups, the paired effect size may be corrected for small sample bias as (Egs. 15-16).

9. =]d, (Eq. 15)

3
1- 4(n-1)—1

]~ (Eq. 16)

where d,, is the standardised paired effect size and g, is the small sample corrected paired effect size. If a
therapeutic group is compared with a control group in a baseline and follow up design, ANCOVA or a
mixed effects model is preferable to isolated independent T-tests, because these models directly test the
intervention effect while accounting for baseline values and repeated measurements (Eqs. 17-18).

Yi=PBo+B1Gi+ B2Y1,;+ & (Eq. 17)

Yie = Bo + B1Gi + BT + B3(Gy X Tp) +u; + & (Eq. 18)

For ordinal clinical scales or behaviorally coded categories, non-parametric or ordinal models are generally
preferable. If the value matrix method is used as a study specific numerical transformation, its scoring rules
should be explicitly justified and, where possible, verified by sensitivity analysis against an ordinal ap-
proach.

3.6 MULTIVARIATE ANALYSIS AS A TOOL OF ARTIFICIAL INTELLIGENCE

Multivariate analysis is a powerful tool in artificial intelligence, enabling the examination of multiple
variables simultaneously to identify patterns, relationships, and trends**!. Techniques such as Principal
Component Analysis (PCA), Factor Analysis, Cluster Analysis, and Discriminant Analysis are widely used
in Al to enhance data interpretation and decision-making. These methods help reduce data dimensionality,
uncover latent structures, group similar observations, and classify data into predefined categories, thereby
improving the accuracy and efficiency of Al models. However, each technique has its limitations, such as
assumptions about data normality, sensitivity to outliers, and computational complexity, which must be
carefully considered to ensure reliable results.

3.6.1 PRINCIPAL COMPONENT ANALYSIS (PCA)

Principal Component Analysis (PCA) reduces large datasets dimensionality by transforming correlated
variables into a smaller set of uncorrelated principal components*?. These components capture the maxi-
mum variance, simplifying complexity while retaining essential information. PCA is useful in medical im-
aging, such as MRI and CT scans, by reducing data complexity, and in genomics to analyse gene expres-
sion, identifying key genes influencing gene activity and aiding genetic disorder understanding. However,
PCA has limitations, including potential loss of interpretability, the assumption that principal components
with the highest variance are most important, sensitivity to the scale of data, and the assumption of linear
relationships among variables, which may not perform well with non-linear data structures (Eq. 19).
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Where PC; denotes the j-th principal component, constructed as a linear combination of the original
observed variables X;. The index i ranges from 1 to p, where p represents the total number of standardized
clinical or biological variables included in the analysis. The coefficients w;; are the component loadings,
derived as elements of the eigenvectors from the covariance or correlation matrix X, and they quantify the
relative contribution of each X; to the formation of PC;. Components are extracted in descending order of
explained variance, with PC; capturing the maximum possible variance, PC, capturing the maximum re-
maining variance under the constraint of orthogonality to PC;, and so forth. These weights are derived by
solving the eigenvalue decomposition }; w; = A; - w;, where A; represents the eigenvalue associated with
the j-th component and corresponds to the amount of total variance explained.

3.6.2 FACTOR ANALYSIS

Factor Analysis identifies relationships between variables by modelling them as linear combinations of
latent factors, uncovering underlying structures that explain observed correlations (Eq. 20). In clinical psy-
chology, it can reveal core dimensions of mental health by identifying factors contributing to disorders from
symptoms and questionnaire items, such as determining primary factors influencing anxiety and depression
for targeted interventions*’. However, factor analysis requires large sample sizes for reliable results, as-
sumes linear relationships and accurate model representation, and can produce different solutions based on
extraction and rotation methods. Additionally, the assumption of uncorrelated factors may not hold, and
factor interpretation can be subjective and vary among researchers.

Xi =X Nj F+ g (Eq. 20)

Where m indicates the number of underlying latent constructs (m < p), F; represents the j-th unobserved
common factor, assumed to follow a standard normal distribution. The parameters A;; denote factor load-
ings, reflecting the strength and direction of the relationship between observed variable 1 and latent factor
j. The term ¢; captures unique variance attributable to measurement error or variable-specific influences
not shared with other indicators. Factors are typically assumed to follow a multivariate normal distribution
with zero mean and unit variance, and estimation commonly proceeds via maximum likelihood or principal
axis factoring.

3.6.3 CLUSTER ANALYSIS

Cluster Analysis groups observations based on similarity without predefined categories. Common meth-
ods include k-means clustering*, hierarchical clustering®’, and DBSCAN?*®, This technique is valuable for
patient segmentation, such as grouping patients with similar symptoms or treatment responses to facilitate
tailored medical interventions. For example, it can segment oncology patients based on their response to
chemotherapy, enabling personalised treatment plans*®. K-means clustering partitions data into k clusters,
assigning each observation to the nearest mean** (Eq. 21). It is efficient for large datasets but requires spec-
ifying the number of clusters and is sensitive to initial centroids. Hierarchical clustering creates a dendro-
gram, representing nested groupings without needing a preset number of clusters, but can be computation-
ally intensive. DBSCAN groups densely packed points and marks isolated points as outliers, finding arbi-
trarily shaped clusters without specifying the number of clusters but may struggle with varying densities
and high-dimensional data. Cluster analysis has limitations, such as sensitivity to distance metrics and the
number of clusters, varying results depending on the algorithm, and difficulty in interpreting and validating
clusters, especially in high-dimensional data. It can be computationally intensive and requires proper data
preprocessing and careful parameter selection. Additionally, cluster interpretability can be subjective, and
the method may not perform well if the true data structure is not well-represented by the chosen model.

J = Zk=1Zxec, I1Xi — mell? (Eq. 21)
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The objective function | represents the total within-cluster sum of squared Euclidean distances, which

the algorithm iteratively minimizes. The parameter K specifies the predetermined number of patient sub-

groups. The notation C;, denotes the set of observations assigned to the k-th cluster during each iteration.

The vector y;, corresponds to the centroid, calculated as the arithmetic mean of all observations currently

assigned to cluster k. The double vertical bars |-l indicate the Euclidean norm, measuring the geometric
distance between an individual observation X; and its corresponding cluster center.

3.6.4 DISCRIMINANT ANALYSIS

Discriminant Analysis classifies observations into predefined categories, commonly using Linear Dis-
criminant Analysis*’*® (LDA) and Quadratic Discriminant Analysis (QDA)**°. In oncology, it can classify
tumours as benign or malignant based on multiple diagnostic features, aiding in early and accurate diagno-
sis. For example, LDA helps pathologists categorise tumour samples, based on RNA sequencing data, im-
proving cancer diagnosis and guiding treatment decisions. However, discriminant analysis assumes nor-
mality for predictors and equal covariance matrices in LDA and is sensitive to outliers. It may perform
poorly with non-linear relationships or small sample sizes and can be less effective if the classes are not
well-separated, leading to potential misclassification (Egs. 22-23).

Y= X0 W (Eq. 22)
w=25,""" (%1 — &) (Eq. 23)

Where y; denotes the discriminant score for observation i, computed as a linear combination of the
original observed variables x;;. The index j ranges from 1 to p, representing the total number of predictor
variables included in the analysis. The coefficients w; are the discriminant weights. In equation 13, w is the
vector of discriminant weights (w1, wa, ..., Wp). The matrix S,, is the pooled within-class covariance matrix,
which measures how much the predictor variables vary within each group. The term S,, " is its inverse.
The vectors X; and X, are the mean vectors of groups 1 and 2, respectively. The difference (X; — X;) repre-
sents the separation between groups for each predictor. Multiplying S, ~* with (X, — X;) yields weights that
maximize between-group separation while accounting for correlations among predictors. Observations are
classified into the group yielding the highest discriminant score.

3.6.5 MULTIVARIATE REGRESSION

Multivariate Regression extends multiple regression by modelling multiple dependent variables simul-
taneously”'*2. This method reveals how independent variables affect several outcomes. In cardiology, mul-
tivariate regression can analyse the impact of lifestyle factors on multiple cardiovascular outcomes, such
as blood pressure, cholesterol levels, and heart rate. This comprehensive analysis helps in understanding
how various factors contribute to heart health, guiding both prevention and treatment strategies. However,
multivariate regression has limitations, such as the assumption of multivariate normality and linearity, the
need for large sample sizes to ensure reliable estimates, and potential multicollinearity among independent
variables, which can complicate the interpretation of results. Additionally, the model's complexity increases
with the number of dependent variables, which may lead to overfitting if not properly managed. Further-
more, the interpretation of the coefficients can be challenging due to the interdependencies among the de-
pendent variables (Eq. 24).

Y, =B+ ZZ=1 Bji - X + & (Eq. 24)

Where Y; denotes the j dependent variable, with q representing the total number of outcomes modeled
simultaneously. The index k ranges from 1 to p, representing the number of independent variables. The
parameter £3; is the intercept for outcome j, while S, represents the regression coefficient quantifying the
change in ¥; associated with a one-unit change in predictor X;, holding other predictors constant. The term
g; captures the residual error for outcome j. Unlike univariate regression, this approach accounts for corre-
lations among the q dependent variables, providing more efficient estimates and enabling joint hypothesis
testing across multiple outcomes.
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3.6.6 CANONICAL CORRELATION ANALYSIS (CCA)

Canonical Correlation Analysis (CCA) examines relationships between two sets of variables, identifying
linear combinations that are maximally correlated®. In genomics®*, CCA explores links between genetic
markers and phenotypic traits, uncovering significant genetic influences on physical characteristics and
disease mechanisms. For example, CCA identifies genetic markers most strongly associated with specific
diseases, aiding in therapeutic target discovery. However, CCA assumes linear relationships, is sensitive to
outliers, requires large sample sizes for reliable results, and can be computationally intensive and complex
to interpret. Proper data preprocessing and normalisation are crucial for meaningful results (Egs. 25-26).

U= Z?=1 a;- Xi
Eq. 25
{V=2?=1bi'yj (Fa-23)

1. = correlation(U,V) = Cov(U,V)

JVar(U)var(v) (Eq' 26)

Where U and V denote the first pair of canonical variates (linear combinations). The set {X;, ..., X;,}
represents the first variable block, while {Y;, ..., ¥, } represents the second. The coefficients a; and b; are

canonical weights derived to maximize the correlation 7, between U and V. Subsequent pairs of canonical
variates (U,, V,, ...) are extracted under the constraint of being uncorrelated with previous pairs. The max-
imum number of canonical correlations equals min (p, q). Statistical significance is typically assessed us-
ing Wilks' Lambda or Bartlett's chi-square test.

3.6.7 MULTIVARIATE ANALYSIS OF VARIANCE (MANOVA)

Multivariate Analysis of Variance (MANOVA) extends ANOVA by evaluating multiple dependent var-
iables simultaneously, useful in experimental studies®>>°. In clinical trials, MANOVA assesses a drug's
impact on various health outcomes like blood sugar, weight, and cholesterol, providing a comprehensive
view of treatment efficacy. However, MANOVA assumes multivariate normality, homogeneity of vari-
ance-covariance matrices, and requires large sample sizes. It is sensitive to outliers and complex to interpret
with non-linear relationships. Proper data preprocessing and model assumption consideration are essential
for reliable results (Eq. 27).

Yi=ut+t,+e (Eq. 27)

Where Y; denotes the vector of dependent variables for observation 1, with q representing the total number
of dependent variables modeled simultaneously. The vector u represents the overall mean vector across all
groups. The parameter 7, represents the effect of group g on the dependent variables. The term ¢; is the
random error vector for observation 1, assumed to follow a multivariate normal distribution with mean zero
and covariance matrix X. MANOVA tests the null hypothesis that all group effects are zero using Wilks'
Lambda statistic (Eq. 28).

__IEl
|H+E|

(Eq. 28)

Where E is the error sum of squares and cross-products matrix, and H is the hypothesis sum of squares and cross-
products matrix.

3.7 MONITORING OF A SURVIVAL
3.7.1 KAPLAN-MEIER CURVE - MONITORING THE SURVIVAL OF PATIENTS WITH IN-TRAME-
DULLARY OSTEOSARCOMA

The Kaplan-Meier (KM) curve is a widely used statistical method in survival analysis, useful for han-
dling censored data>’->%. Censoring (C) occurs when patients withdraw from the study for reasons other than
death or when the time of death is unknown. Censoring does not compromise the validity of the result>.
This method estimates the probability of survival over time and can compare survival rates across different
treatments or patient groups with varying comorbidities. The assumptions of the Kaplan-Meier method
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include independent censoring, where the censoring mechanism must be independent of the survival pro-
spects, and consistent entry and exit criteria, ensuring well-defined study parameters®’.

In our study, KM curve was used to monitor the survival of patients following resection of intramedul-
lary osteosarcoma (Tab. 8, Fig. 6). Out of 26 patients, two were censored. Table 8 details the survival data,
including time intervals for monitoring (W), the number of deaths within each interval (E’), the number of
live patients at the start of the interval (n), the cumulative survival rate for uncensored patients (S,,), the
survival rate adjusted for censored patients (S..;), and the iterative survival rate calculation for censored
data (S;;).

Table 8 — Calculation of the Kaplan-Meier curve for patients with intramedullary osteosarcoma.

UNCENSORED CENSORED

(M(l;ll,lth) E n=ny.e,— Eprev Sun = % C Scen = n ; E Sit = Scen X Sit(prev)

0-4 0 Ny =26 26/26 =1.00=100% | 0 1.00 100 %
4-8 2 n=26—-0=26 24/26 =0.92=92 % 0 0.92 X 1.00%2 92 %
8§-12 4 n=26-2=24 20/26 = 0.77=T77 % 1 0.83 X 0.92‘=ﬂ= 76 %
12 -16 5 n=24—-4=20 15/26 = 0.58 = 58% i 0 0.75 X 0.764=/0.57/= 57 %
16 -20 0 n=20-5=15 1526 =0.58 = 58 % | 1 1.00 X057 = 057 =57%
20-24 3 n=15-0=15 12/26 =046 = 46% | 0 0.80 X 0.57 ‘ﬂ= 46 %
24 1 n=15-3=12 11726 =0.62 = 42% i 0 0.92 X046 = 042 = 42 %

The calculation involves determining the number of patients at risk at each interval, the proportion sur-
viving, and then adjusting these proportions iteratively to account for censored data. The inclusion of cen-
sored patients in the analysis is crucial for a precise and reliable interpretation of survival rates. The survival
rate at each interval is derived by multiplying the survival rate from the previous interval by the current rate
for both uncensored and censored data. Figure 6 shows the Kaplan-Meier curve, illustrating the survival
probabilities over time (Fig. 6). The curve shows minimal differences between uncensored and censored
data, with both groups displaying a 42 % survival rate at 24 months. The median survival time (Mg,;,),
identified as the time at which the survival probability intersects 50 %, is 20 months for both groups>’. This
value aligns with existing literature. The slight differences observed in survival rates between uncensored
and censored data emphasize the need for this iterative approach (Tab. 8). The KM curve and median sur-
vival time provide insights into patient prognosis and the effectiveness of treatment interventions.

The Kaplan-Meier method handles ties (multiple events at the same time point) using statistical methods
such as the Exact method, Breslow method, and Efron method. The Exact method assumes events occur in
an infinitesimally small-time interval in a random order, making it computationally intensive due to the
enumeration of all possible event orderings. The Breslow method, or generalized Wilcoxon method, sim-
plifies calculations by equally distributing tied events across the risk set, averaging survival probabilities.
The Efron method balances computational efficiency and accuracy by incrementally adjusting the risk set
for each tied event, fractionally allocating the events for a more precise estimate. Confidence intervals for
survival estimates, calculated using the Greenwood formula, provide precision understanding (Eq. 5).
Right-censoring, the most common form, occurs when the study ends before the event for some subjects,
or they are lost to follow-up. Left-censoring occurs when the event happens before the observation period
starts, and interval-censoring occurs when the event is known to occur within a specific time interval. While
the Kaplan-Meier method is excellent for descriptive purposes, the Cox proportional hazards model is often
used for multivariate survival analysis, allowing the inclusion of covariates to understand their impact on
survival®!. Additionally, the log-rank test is commonly used to compare survival distributions between
groups, assessing the significance of differences between KM curves.
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Fig. 6 — Kaplan — Meier curves for the same population of patients treated for intramedullary osteosarcoma where (a) represents
uncensored group of patients, and (b) represents the same group of patients after censoring. The green intersection shows survival
rate at 12 months. Median survival (red) corresponds to 50 % probability and takes the value of 20 months for both censored and
uncensored patients.

3.7.2 LOG RANK TEST — COMPARISON OF TIME-DEPENDENT PHENOMENA OR THE SUR-
VIVAL RATES OF SEVERAL GROUPS OF PATIENTS

To statistically evaluate and compare the survival rates of two populations, the Log Rank test (LR) is
recommended for determining the difference or similarity in survival distribution functions over time®?.
This test complements the KM method by statistically confirming or rejecting the similarity of survival
distributions. The LR test can compare other time-dependent events, such as the duration of treatment,
rehabilitation periods, or the time-dependent lifetime effect of materials used in medical devices. A com-
mon application is comparing survival distributions between groups of patients with or without certain
conditions or treatments. The LR test assumes that the hazard ratios between groups are constant over time
(proportional hazards assumption). Violations of this assumption can affect the validity of the test results.
LR also assumes that censoring is random and not related to the likelihood of an event occurring. Non-
random censoring can introduce bias®,

In our study, we aim to verify the hypothesis Hy: "Censoring less than 10 % of patients does not lead to
a significant difference in survival time profiles." To test this hypothesis, we compare two groups of patients
after osteosarcoma resection: group 1 without censoring and group 2 with censoring. Firstly, we create
the table to track the number of surviving patients in each group over specified time frames (Tab. 9).

Table 9 — Preparatory table for Log Rank statistics, showing changes in the number of patients during the monitored period.

Group 1 - UNCENSORED Group 2 - CENSORED
w
(Month) E, (o5} ny = Npyrey — Eprev E, C, Ny = Nyrey — Eprev
0-4 0 0 Mgy =26 0 0 Ny =26
4-8 2 0 n, =26—0—0=26 2 0 n, =26—0—0=26
8-12 4 0 n, =26-2—-0=24 4 1 n, =26—2—0=24
12-16 5 0 n, =24—4—-0=20 5 0 n, =24—-4—1=19
16 - 20 0 0 n, =20-5-0=15 0 1 n, =19-5—-0=14
20-24 3 0 n, =15-0—-0=15 3 0 n, =14—0—1=13
24 1 0 n, =15-3—-0=12 1 0 n, =13—-3—-0=10

The first column, W, lists the time frames in months, starting with 0-4 months and continuing in four-
month intervals. The number of rows corresponds to these intervals over a 24-month period. The second
column, E;, represents the number of patients who died in each interval. The third column, C;, lists the
censored patients. The last column, nq, indicates the total number of living patients at the start of each
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interval, including all patients present on the first day without removing those who died during that period.
Patients who died in each interval are removed from the risk set in subsequent intervals. Table 9 illustrates
these calculations. Similarly, columns E,, C,, and n, for group 2 account for both deceased and censored
patients. The n, and n, values are determined as in the Kaplan-Meier method but adjusted by subtracting
censored patients from the previous time frame.

Next, we construct a table for direct calculation of the Log Rank statistics (Tab. 10) using the data from
the preparatory table 9. Table 10 includes Exp; and Exp,, the expected number of deaths for each group,
calculated using the equations (Eq. 29a, b).

nq ny

Exp, = ( )-(E1 +E,) or Exp,= ( )-(151 +E,) (Eq. 29a, b)

ni+n, ni+n,

An important value is the Log Rank variance (var;g), defined by equation (Eq. 30). Log Rank variance
determines the degree of variability and depends on the deviation from the population mean. It is crucial to
calculate the variance separately for each row of the table, as it is not a linear phenomenon.

ni ny - (E;+ Ey) ' (ng+ ny—E —E3)
(n1+ny) - (ny+nz) - (ng+ny—1)

(Eq. 30)

varpg =

Differences between observed and expected deaths for group 1 and group 2 are calculated as Dif; =
E, — Exp, and Dif, = E, — Exp, respectively (Tab. 10). It is not necessary to calculate both values since
they give us the same numerical value for the same row, differing only in the & sign.

Table 10 — Calculated expected number of deaths (Exp;, Exp,), Log Rank variance values (var; ) and differences (Dif;, Dif,)
for all monitored time frames W.

Expected deaths for each group Variance between groups Observed — expected deaths
w Exp, Exp, varg Dif, Dif,
(Month) (For group 1) (For group 2) (Common to both groups) (For group 1) (For group 2)
0-4 0 0 0 0 0
4-8 2 2 0.9412 0 0
8-12 4 4 1.7021 0 0
12-16 5.1282 4.8718 1.9066 —0.1282 0.1282
16 - 20 0 0 0 0 0
20 -24 3.2142 2.7857 1.2160 —0.2143 0.2143
24 1.0909 0.9090 0.4723 — 0.0909 0.0909

After calculating the individual values for each time frame, we summarise them to obtain the total variance
varyg sym and total differences Dif; gy or Dif, gy as shown in Table 11.

Table 11 — Calculated Log Rank variables for the comparison of survival distribution functions of censored and uncensored
patients after resection of intramedullary osteosarcoma.

Description Equation Result
i
The sum of the calculated variances var g varpg sym = Z varpp =6.2382
i=1
i
The sum of the calculated differences Dif of the first group of patients Dif 1 sym = Z Dif4 = —0.4334
i=1
i
The sum of the calculated differences Dif, of the first group of patients Dif; sym = Z Dif, =0.4334
i=1
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The Log Rank statistic is then calculated using the equation (Eq. 31).

i 2
Log Rank = LLisum)” _ 01878 _ 4 5309 (Eq. 31)

VarLr_sum 6.2382

This Log Rank value is compared against the chi-square critical value (x? crie) to determine the statistical
significance®. For this calculation, degrees of freedom ( faeg) are calculated using equation (Eq. 32) and
known number of rows (ROWS) and columns (COL).

faeg = (COL—1)-(ROWS -1)=(2-1):(7-1)=6 (Eq. 32)

Using a significance level of @ = 0.05, statistical tables for chi-square or MS Excel®, we find the critical
value y?. . = 12.59. Since x®. . > Log Rank, we conclude that the survival distributions of the two
groups do not differ significantly, indicating that the inclusion of censored patients does not significantly
affect the survival distribution. The Log Rank test confirms H,,, indicating that the effect of censoring is
negligible in this context. With larger sample sizes or increased number of events, statistical power may
change, potentially revealing significant differences.

Alternative tests, such as the Breslow (Generalized Wilcoxon) test, are more sensitive to early differ-
ences, while the Tarone-Ware test balances sensitivity across time frames. In survival data, ties must be
handled with adjustments like the Breslow and Peto-Peto modifications. The power of the LR test depends
on the number of events rather than the total participants, so studies should be adequately powered with
enough events. While MS Excel® can calculate chi-square critical values, dedicated statistical software
(e.g., R, SAS, SPSS) offers more robust tools for conducting and interpreting the LR test, especially in
complex scenarios.

4 CONCLUSIONS

We presented the application of several statistical methods used in biomedical research, including their
manual calculation and interpretation. Descriptive statistics evaluated the time-dependent pain profile in
patients after wrist fracture and osteosarcoma resection. We determined the average, standard deviation,
and confidence interval of hand muscular strength post-rehabilitation using a dynamometer. Guidelines for
advanced statistical methods were re-introduced using examples of real patient groups and hypotheses, with
significance levels set for objective (a¢ = 0.05), quasi-objective (o = 0.10), and subjective parameters
(a = 0.20). We used the two-sample unpaired T-test to confirm the hypothesis: "Does hand muscular
strength change during rehabilitation of patients after wrist fracture?" Correlation analysis described the
decrease in serum inflammatory markers post-osteosarcoma resection, slower by 32 + 2% in females. Ap-
petite increase post-resection was 27 + 2% faster in males. We identified no significant correlation between
age and weight. Non-linear effects on magnetic fields on osteoblast growth were observed during osteosar-
coma rehabilitation. Using the paired T-test, we confirmed that two methods for determining serum Ca?*
concentrations in post-osteosarcoma patients were equally representative. The F-test showed no significant
difference in variances between males and females in recovery outcomes during osteosarcoma remission.
To improve the reliance on "Black Box" software and explain for survival analysis, we manually calculated
Kaplan-Meier survival curves and the Log Rank test. We confirmed that censoring less than 10 % of pa-
tients does not significantly alter survival profiles. The Log Rank test can compare various time-dependent
characteristics across patient groups. For future statistical evaluations, advanced fuzzy logic models should
be considered. These models, implemented in Al, can incorporate diverse criteria for consistent parameter
assessment.

5 ZUSAMMENFASSUNG

Ausgangspunkt: Moderne statistische Modelle sind fiir eine methodisch fundierte Bewertung von Verin-
derungen des Gesundheitszustands von Patientinnen und Patienten sowie fiir eine prézise Prognosestellung
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unerldsslich. Im Zeitraum von 2003 bis 2025 wurde in der wissenschaftlichen Gemeinschaft eine Zunahme
fehlerhafter statistischer Anwendungen beobachtet. Die Abhéngigkeit von Software des Typs ,,Black Box*,
kiinstlicher Intelligenz oder automatisierten Verfahren ohne griindliches Verstdndnis der zentralen Parame-
ter fiihrt hdufig zu Ungenauigkeiten. Fortschrittliche statistische Software vereinfacht Berechnungen, er-
setzt jedoch nicht das Verstindnis des verwendeten Modells.

Gruppe: Wir bewerteten Verdnderungen des Gesundheitszustands vor und nach Behandlung und Rehabi-
litation in zwei unterschiedlichen Patientenkollektiven: Patientinnen und Patienten mit Handgelenksfraktur
sowie Patientinnen und Patienten mit intramedullirem Osteosarkom. Die muskuldre Erholung nach einer
Fraktur erfordert eine prazise Diagnostik, insbesondere den standardisierten Janda Test, der eine zuverlds-
sige Verlaufsbeobachtung ermoglicht. Demgegentiber liegt der Schwerpunkt der Rehabilitation bei Osteo-
sarkom auf dem Vertikalisierungstraining, um die Kontrolle des Korperschwerpunkts zu optimieren und
die posturale Muskulatur zu aktivieren. Dieser Ansatz erhilt eine maximale Heterogenitit der Stichprobe
und ermdglicht die Beobachtung von Verdnderungen sowohl bei nicht lebensbedrohlichen als auch bei
lebensbedrohlichen Erkrankungen.

Methoden: Wir schlagen einen methodologischen Ansatz vor, der eine auf Fuzzy Logik basierende Wer-
tematrix auf verschiedenen Signifikanzniveaus einbezieht, um subjektive, quasi subjektive und objektive
Gesundheitsparameter zu bewerten. Daher stellen wir detaillierte manuelle Berechnungen Schritt fiir Schritt
dar, die deskriptive Statistik, Konfidenzintervalle, Korrelationsanalyse, t Tests, F Test, multivariate Ana-
lyse, Kaplan Meier Kurven und Log Rank Test umfassen, um methodologische Klarheit sicherzustellen.
Ergebnisse: Unsere Studie zeigte, dass 65 von 600 wissenschaftlichen Arbeiten ungenaue oder nicht opti-
mierte statistische Modelle verwendeten.

Schlussfolgerungen: Ziel dieser Arbeit ist es, einen methodologischen Leitfaden fiir die korrekte Anwen-
dung fortgeschrittener statistischer Modelle in der wissenschaftlichen Forschung bereitzustellen, insbeson-
dere fiir Arztinnen und Arzte am Beginn ihrer beruflichen Laufbahn. Dariiber hinaus soll sie erfahrene
Fachleute iiber mogliche Unklarheiten und Verfahrensschritte bei der Nutzung von Software des Typs
,,Black Box‘ informieren.
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