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Introduction
Today, machine learning and artificial intelligence have spread in all scientific fields, pav-
ing the way to a huge number of new scientific discoveries [1, 2]. These tools, even if use-
ful, suffer from several flaws: their mathematical models often are complex and obscure,
their application can be slow and computationally expensive, and their incorrect use can
lead to several negative consequences [3, 4].

Biostatistics, on the contrary, offers several statistical tests that can serve to
prove a relationship between variables, at a low computational cost, quickly, and in
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human-understandable way. For these reasons, univariate statistical tests are broadly
employed by researchers in several scientific fields nowadays. These statistical tests,
however, sometimes are chosen in the wrong way or out of context, and this wrong
selection can produce bad results and outcomes eventually. In this study, we try to
get some order in this confused situation by providing a guide on four common uni-
variate statistical tests: Student’s ¢-test, Mann-Whitney U test, Chi-squared test, and
Kruskal-Wallis test.

First, we provide an informal and purely explanatory definition of the statistical
tests that will be analyzed later, accompanied by conceptual examples. The objective
is to offer a general and straightforward understanding of each test.

The Student’s ¢-statistic is a statistical procedure used to determine if there is
a significant difference between two groups. For example, if we have two groups of
patients and one receives drug A while the other receives drug B, we want to under-
stand if there is a significant difference in their effects. There are three different types
of t-tests: one-sample, independent samples, and paired samples. The one-sample
t-test is used when we want to compare the mean of a sample to a known reference
value. For instance, if a chocolate bar company claims that each bar weighs an aver-
age of fifty grams, we could take a sample of thirty bars that have an average weight
of forty-eight grams. The one-sample ¢-test would help us determine if this average of
forty-eight grams is significantly different from fifty grams. The independent samples
t-test is applied when we want to compare the means of two independent samples
to check if there is a significant difference between them. For example, if we want
to test the effectiveness of two painkillers, A and B, we could use a sample of sixty
people divided into two groups, one receiving drug A and the other receiving drug
B. This type of ¢-test would allow us to assess if there is a significant difference in the
effectiveness of the two drugs. The paired samples ¢-test is used when we want to
compare the means of two dependent samples to see if there is a significant differ-
ence. For instance, to evaluate the effectiveness of a particular diet, we could weigh
the same group of people before and after the diet and then observe the weight differ-
ence for each individual. It’s important to highlight the difference between independ-
ent and paired samples: in the case of paired samples, the measurements are taken
in pairs from the same individuals, such as results obtained from the same people
before and after a treatment; in contrast, for independent samples, the individuals in
the two groups are unrelated to each other. The one-sample test is very similar to the
paired sample test, where we can think of paired samples as two samples taken at dif-
ferent times. We calculate the difference between paired values, obtaining a value and
determining its significance based on how much this value deviates from a reference
value [5, 6].

The Mann-Whitney test is a nonparametric test that checks the difference between
two independent samples. For example: is there a significant difference in reaction times
between men and women? The difference between the independent samples ¢-test and
Mann-Whitney is that the t-test uses the value of the mean between the two groups,
while Mann-Whitney U test uses the sum of ranks. To calculate the sum of ranks: order
the subjects from lowest to highest value. The subject with the lowest value gets rank 1,
the second-lowest rank 2, and so on, obtaining two groups with different ranks. The data
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must therefore be rankable. The advantage of using the sum of ranks compared to the
mean difference is that the data do not need to follow a normal distribution [7, 8].

The Chi-squared test is a statistical technique used to compare observed data with
expected distributions based on a specific hypothesis. Its main purpose is to determine
whether the differences between observed and expected values can be attributed to
chance or if they suggest a significant relationship between variables. There are three
common applications of the Chi-squared test: test of independence, goodness-of-fit
test and test for homogeneity. The Chi-squared test of Independence is used to assess
whether there is a relationship between two categorical variables. For example, research-
ers might want to investigate if gender influences the likelihood of having a Netflix
subscription. In this case, a survey could be conducted to record whether individuals
of different genders have a subscription. The data would then be arranged in a contin-
gency table, allowing researchers to compare the observed frequencies to the expected
frequencies calculated under the assumption that gender and subscription status are
independent of each other. Another application is the Chi-squared goodness-of-fit test,
which is used to evaluate if the observed frequencies for a categorical variable match the
expected frequencies based on a known distribution. For instance, if a market researcher
wants to find out whether the distribution of video streaming service subscriptions—
such as Netflix, Amazon, and Disney—in a specific city aligns with the national distribu-
tion, this test would be appropriate. By comparing the observed data from the city with
the expected frequencies derived from national statistics, the researcher can determine
if the distribution significantly differs. In the end, the Chi-squared test for Homogene-
ity is used to check if different populations share the same distribution for a categorical
variable. As an example, a survey might be conducted to explore if subscription rates for
streaming services vary across different age groups. The observed data from each age
group would be compared to determine if the distributions are similar or significantly
different. The key differences among these tests lie in the number of variables involved
and the research questions they address: the test of independence examines relation-
ships between two variables, the goodness-of-fit test checks if a single variable matches
a known distribution, and the test for homogeneity compares distributions across multi-
ple groups In conclusion, the Chi-squared test proves to be a versatile tool for analyzing
relationships between categorical variables, assessing distributions, and comparing dif-
ferent populations [9, 10].

The Kruskal-Wallis test is a non-parametric statistical method used to determine if
there are significant differences between the medians of three or more independent
groups. This test is particularly useful when the data do not follow a normal distribu-
tion, allowing researchers to make valid comparisons without relying on the assump-
tions required for parametric tests. For example, if a researcher who wants to find out
if three different diets lead to different amounts of weight loss, the Kruskal-Wallis test
can compare the median weight loss across these diet groups to see if the differences
are statistically significant. This test is especially appropriate in situations where we
have three or more independent groups to compare and when data are either ordinal
or continuous but not normally distributed. It is also useful as a test of choice when we
are interested in comparing medians rather than means, making it a flexible option for
various types of data. For instance, a doctor might want to test if three different types
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of physical therapy result in different recovery times for patients after surgery. By divid-
ing the patients into three groups, each receiving a different therapy, the doctor could
use the Kruskal-Wallis test to assess if there are significant differences in recovery times
among these groups. The way the Kruskal-Wallis test works is straightforward yet effec-
tive. It begins by ranking all the data from the smallest to the largest, regardless of the
group each data point belongs to. Then, it calcul ates the sum of these ranks for each
group and checks if the sums differ significantly. If the test finds a significant difference,
Kruskal-Wallis test suggests that at least one group is different from the others. In such
cases, additional post-hoc tests can be performed to identify which specific groups dif-
fer. Overall, the Kruskal-Wallis test is a powerful tool for analyzing data that do not meet
the assumptions required for parametric tests, making it a valuable technique in a wide
range of research fields [11, 12].

Literature review

This section examines the four tests by reviewing their application in medical research
using data acquired from EHRs. In the following text, we explain how each test has
been employed, the type of data computed with the test and the results of the study. Of
course, the list of articles is a subpart of all the studies involving the use of the four tests
analyzed.

Student’s t-test Daniel Moynihan and coauthors [13] conducted a study on the diag-
nostic processes for rare diseases, specifically Fabry Disease and Familial Hypercholes-
terolemia, using data from approximately one million patients across three hospitals
in Singapore. A two-sample ¢-test for LDL-C levels was applied to compare confirmed
cases (true positives) and suspect cohorts of FH, revealing no statistically significant
difference.

Heather Patton et al. [14] conducted a study on a nonalcoholic fatty liver disease care
pathway, evaluating adherence to components such as patient education, vibration con-
trolled transient elastography examination, hepatology consultation, and weight man-
agement referral. They assessed the impact of the pathway on weight and ALT changes
in 632 patients over a one-year period. The Student’s z-test was used to analyze the
impact of weight management participation and liver stiffness on weight change and
ALT change, finding that referral to WM was associated with significant weight loss and
ALT reduction

Cindy K. Blair and coauthors [15] used Student’s ¢-test to compare Body Mass Index,
tumor size, and age at diagnosis across groups defined by tumor characteristics (for
example, stage, grade), finding significant associations between obesity and poor prog-
nosis tumors.

Charlotte A. Nelson et al. [16] developed a method to predict chronic diseases, spe-
cifically multiple sclerosis, up to five years prior to clinical diagnosis by embedding elec-
tronic health record data into a biomedical knowledge graph and applying a random
forest classifier. The Student’s ¢-test was employed to compare the rank distributions of
nodes within the SPOKE graph between patients with multiple sclerosis and patients
without multiple sclerosis.
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Heather Patton et al. [14] studied a care pathway for nonalcoholic fatty liver disease,
assessing adherence to key steps and their effects on weight and ALT levels in over
six hundred patients. The Student’s ¢-test showed that referral to weight management
was linked to significant reductions in both weight and ALT.

Cindy K. Blair et al. [15] used Student’s ¢-test to compare body mass index, tumor
size, and age by tumor traits, finding obesity significantly linked to poor-prognosis
tumors.

Charlotte A. Nelson et al. [16] predicted multiple sclerosis up to five years before
diagnosis using a biomedical knowledge graph and random forest. Student’s ¢-test
compared graph node ranks between patients with and without the disease.

Charles-Henri David and coauthors [17] conducted a retrospective study to assess
the outcomes of patients with postcardiotomy cardiogenic shock supported with
a left ventricular assist device on a 5-year period. A total of 29 patients (mean age
63) were included, with survival to discharge observed in more than half of cases.
The mean duration of the support was 9 days, and 70% of patients were successfully
weaned from the device.

Jing Gao and coauthors [18] studied the relationship between gut microbes, plasma
trimethylamine N-oxide levels, and cardiovascular events in sixty participants,
including patients with unstable angina, post-ST-segment elevation myocardial
infarction, and healthy controls. Metagenomic sequencing and TMAQO measurements
revealed an association between specific gut microbial taxa and serum TMAO levels.
A Student’s t-test showed that elevated serum TMAO levels were linked to a higher
risk of cardiovascular events, with certain microbial taxa acting as potential biomark-
ers for acute coronary syndrome diagnosis.

Rachel B. Issaka et al. [19] conducted a study to explore factors influencing colonos-
copy completion after a positive fecal immunochemical test in a safety-net healthcare
system. They analyzed data from over two thousand individuals aged between fifty
and seventy-five who had an abnormal test result on a 3-year period. The study found
that just over half of the patients completed their colonoscopy within one year of the
positive test. The Student’s ¢-test was used to compare the colonoscopy completion
rates between different groups based on these factors, finding significant differences
in the completion rates. The study highlighted the need for improved follow-up and
documentation practices to ensure timely colonoscopy completion.

Andrew C. Storm and coauthors [20] conducted a study to assess the impact of
implementing a new electronic health record system on patient safety and staff sat-
isfaction in endoscopy suites. They compared procedure times and staff perceptions
before and after the new system was introduced. The study found that procedure
times significantly increased, and nurses spent less time directly monitoring patients
after the implementation. The Student’s ¢-test was used to analyze changes in proce-
dure time and monitoring time, revealing significant differences.

Jiao-Zhi Zhou et al. [21] conducted a study on the associations between workplace
bullying, burnout, and depression among clinical nurses in China, surveying 415
nurses across nine hospitals in October 2023. The study found that 20% of partici-
pants exhibited depression symptoms, with the depression group scoring significantly
higher on the Negative Acts Questionnaire than the control group. The Student’s
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t-test was used to compare the depression group and the control group across vari-
ables such as age, length of service, and professional title.

Guangda Wang and coauthors [22] conducted a study involving 10 patients diagnosed
with pre-malignant lesions and early-stage gastric cardia adenocarcinoma. The study
found that in early-stage GCA, mutations in some of the genes were prevalent. The
study also highlighted potential therapeutic targets based on genetic mutations, with
80% of patients showing promising treatment options. The Student’s ¢-test was applied
to compare the tumor mutation burden between different cohorts, showing no statisti-
cally significant differences between the HB cohort and the TCGA GCA cohort for most
mutations; the test revealed significant differences in specific mutations, such as those in
the EPHA?2 gene.

Mann-Whitney U test Tam M. Do et al. [23] examined the relationship between dietary
factors and breast cancer risk in Vietnamese women, using the Mann-Whitney U test to
compare dietary intake and body mass index, between cases and controls. Significant
differences were observed in the intake of vegetables, fruits, soybean products, coffee,
and eggs, with higher consumption of these foods associated with lower breast cancer
risk.

Brittany R. Lapin and coauthors [24] conducted a study involving over six thousand
patients who completed patient-reported outcome measurements and satisfaction sur-
veys at neurological clinics. The study found a significant positive association between
PROM experience and visit satisfaction, with stronger effects observed among nonwhite
patients, individuals with lower income, and those with more comorbidities. The Mann-
Whitney U test was applied to compare PROMIS health scores and depression levels
between patients who completed satisfaction surveys and those who did not, revealing
significant differences in mental and physical health metrics between these groups.

Salvador Lugo-Perez et al. [25] conducted a study on rheumatoid arthritis patients
without heart disease to investigate the relationship between antibody levels and left
ventricular remodeling. The study revealed that patients with altered left ventricular
geometry had significantly higher antibody titers, with anti-cyclic citrullinated peptide
levels showing the strongest correlation with left ventricular remodeling. The Mann-
Whitney U test was applied to compare echocardiographic variables and antibody levels
between patients with and without left ventricular remodeling, highlighting statistically
significant differences in these measures.

Ingo Steinbriick and coauthors [26] conducted a randomized controlled trial involv-
ing multiple centers to compare the safety and outcomes of cold versus hot endoscopic
mucosal resection for non-pedunculated colorectal polyps. The study demonstrated that
cold resection resulted in significantly fewer major adverse events, such as perforation
and post-endoscopic bleeding, compared to hot resection. The Mann-Whitney U test
was applied to compare continuous variables, including polyp diameter and resection
speed, between the two groups, revealing significant differences in adverse event rates
and procedural outcomes.

Ying Qian et al. [27] conducted a study to evaluate the effectiveness of copper
bianstone scraping combined with a Chinese modified hypertension dietary therapy
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program. The study included hundreds of hypertensive patients divided into a com-
parison group and an observation group. The results showed that the observation
group had significantly greater improvements in blood pressure, body mass index,
and blood glucose levels. The Mann-Whitney U test revealed significant differences
between the groups, particularly in glycosylated hemoglobin, fasting blood glucose,
and 2-hour postprandial blood glucose.

Jinghong Meng and coauthors [28] conducted a study on the incidence of surgical
site infection in elective foot and ankle surgeries. More than a thousand of patients
were included, and the 2% developed SSIs. The most common causative bacteria were
pseudomonas aeruginosa and methicillin-resistant Staphylococcus aureus. Five fac-
tors were identified as independent risk factors for SSI: prolonged preoperative stay,
use of allograft or bone substitute, elevated fasting blood glucose levels, low albumin
levels, and abnormal neutrophil count. The Mann-Whitney U test was applied to data
like age, hospital stay duration, and levels of albumin, fasting blood glucose, and other
biological parameters, in order to compare the distributions between the groups with
and without surgical site infection.

Brittany Lapin et al. [29] conducted a study to quantify the neurologic patient expe-
rience with patient-reported outcome measures across six neurology clinics. Over
16 thousands patients participated, completing both generic and condition-specific
measures. The study identified that a majority of patients found the questions easy
to understand, useful, and improved communication and control of their care. The
Mann-Whitney U test was applied to compare the distributions of demographic fac-
tors, including age, income, and clinical characteristics, between groups of patients
with varying experiences and satisfaction levels with measures.

Mitsuru Esaki and coauthors [30] conducted a study comparing endoscopic sub-
mucosal dissection outcomes in the postoperative stomach to those in the non-oper-
ative stomach for early gastric cancer, using propensity score matching to adjust for
differences in baseline characteristics. Over one thousand patients were reviewed,
with forty-one in the postoperative group and one thousand five in the non-operative
group. The study found that the postoperative procedures required significantly more
time but achieved similar rates of en bloc, complete, and curative resections with low
adverse event rates. The Mann-Whitney U test was applied to compare procedure
time and continuous variables like age, tumor size, and lesion depth.

Ausra Zelviene and Algirdas Boguseviciu [31] conducted a study to evaluate the
reliability and validity of the revised Champion’s Health Belief Model Scale in meas-
uring Lithuanian women’s beliefs about breast cancer and screening, using data from
three hundred fifty women aged forty to sixty-nine, with no prior mammograms or
breast cancer history. The Mann-Whitney U test was used to compare the responses
between women who participated in mammography screenings and those who did
not. The test revealed that women participating in mammography screenings per-
ceived lower susceptibility and severity but reported reduced confidence in per-
forming breast self-examinations, while non-participants exhibited more barriers to
mammography and lower perceived benefits. In bioinformatics, the Mann-Whitney U
test has been used also for gene set enrichment analysis [32].
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Chi-squared test  Siyi Zhu et al. [33] conducted a study to assess the influence of obesity
on the clinical and pathological characteristics of breast cancer and its impact on endo-
crine therapy effectiveness among Chinese patients. They analyzed data from nearly
three thousand patients with luminal or human epidermal growth factor receptor two-
negative early breast cancer, dividing them into obese and non-obese groups based on
body mass index. The Chi-squared test was used to compare categorical variables, such
as menopausal status, comorbidities, expression of estrogen and progesterone receptors,
and luminal subtypes, between the two groups. Results indicated that obese patients
had significantly higher rates of comorbidities and progesterone receptor positivity but
showed no differences in other characteristics. This study highlights how obesity influ-

ences breast cancer features and endocrine therapy outcomes.

Di Zhao and coauthors [34] conducted a study to investigate the association between
high body mass index and breast cancer characteristics across different age groups, uti-
lizing Chi-squared tests to analyze relationships between body mass index and variables
such as tumor grade and HER2 positivity. The results showed that in patients younger
than fifty-five years, high body mass index was significantly associated with HER2 posi-
tivity and worse progression-free survival, while in patients older than fifty-five years,
high body mass index was linked to lower tumor grades.

José Pablo Leone et al. [35] conducted an observational study using data from a large
cancer registry to examine the effects of the COVID-19 pandemic on breast cancer diag-
nosis, treatment patterns, and short-term mortality. They analyzed over thirty-seven
thousand cases of ductal carcinoma in situ and almost two hundred thousand cases of
invasive breast cancer between 2018 and 2020. The Chi-squared test was used to evalu-
ate differences in treatment patterns, specifically the distribution of surgery, chemother-
apy, and radiation therapy across the years studied. The results showed that during 2020,
there was a significant decline in breast cancer diagnoses, particularly for early-stage
cancers. Treatment patterns also shifted, with reduced use of surgery and radiation and
increased use of chemotherapy. However, the twelve-month mortality rates did not dif-
fer significantly between 2020 and the previous years.

The RECOVERY Collaborative Group [36] conducted a randomised, controlled trial
to evaluate the safety and efficacy of convalescent plasma therapy for patients with
COVID-19. Patients were randomly assigned to receive either usual care or usual care
plus high-titre convalescent plasma. The primary outcome, 28-day mortality, was not
significantly different between the two groups, with no substantial differences in other
clinical outcomes such as hospital discharge or progression to invasive mechanical ven-
tilation. A Chi-squared test was used to analyze observed effects in subgroups based on
characteristics at randomization, including age, sex, and presence of anti-SARS-CoV-2
antibodies.

Juan Jin and coauthors [37] conducted a study to examine the characteristics of
HER2-low breast cancer in comparison with HER2-zero and HER2-positive tumors,
with a focus on clinical and molecular traits. The analysis included clinical and
genomic data of five hundred seventy-nine metastatic breast cancer patients, and the
HER2-low subtype was identified as more commonly associated with hormone recep-
tor-positive tumors. The results indicated that, despite the differences in metastasis
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patterns between HER2-low and HER2-positive patients in the hormone receptor-
positive subgroup, the clinicopathological characteristics were largely influenced by
hormone receptor status. Importantly, HER2-low tumors showed no significant dif-
ferences in mutation alterations or copy number variations compared to HER2-zero
tumors. Additionally, the study identified a higher prevalence of germline BRCA2
mutations in HER2-low patients. A Chi-squared test was employed to compare cat-
egorical variables, such as tumor characteristics and metastasis patterns, between the
different HER2 subgroups.

Francesca Magnoni et al. [38] investigated the clinicopathological characteristics
and outcomes of patients with pure and mixed invasive micropapillary breast can-
cer (IMPC) compared to invasive ductal cancer (IDC). The study included over thirty
thousand IDC patients and more than two hundred IMPC patients. They found that
both pure and mixed IMPC patients had a higher incidence of locally advanced dis-
ease and vascular invasion compared to IDC. After matching, pure IMPC patients
showed worse overall survival and breast cancer-specific survival compared to IDC,
whereas mixed IMPC patients had outcomes similar to IDC. The Chi-squared test
was used to compare categorical variables, including tumor grade, lymph node status,
vascular invasion, tumor molecular subtype, and type of surgery (mastectomy vs con-
servative surgery)

Kevser Tar1 Sel¢uk and coauthors [39] conducted a study to determine the breast
cancer screening behavior of women and investigate the relationship between health
beliefs and screening behaviors. The study included 416 women aged forty and above.
The results showed that the participation rates in breast self-examination, clinical
breast examination, and mammography were relatively low. They found strong asso-
ciations between perceived susceptibility, seriousness, self-efficacy, benefits, health
motivation, and perceived barriers with screening behaviors. The Chi-squared test
was used to compare screening behaviors with sociodemographic characteristics, and
the variables considered in the analysis were age, education level, perceived economic
status, and family history of breast cancer. The study also utilized multivariate binary
logistic regression to examine how health beliefs influenced screening behaviors, and
the Hosmer-Lemeshow test was applied to assess model fit.

Oindrila Bhattacharyya et al. [40] compared statewide health information exchange
(HIE) data with survey self-report (SR) for measuring cancer screening. The study
included Indiana residents and assessed screenings like colonoscopy, fecal immuno-
chemical test, HPV and Pap tests, and mammography. Chi-squared tests were used
to compare data on variables such as age, gender, and health status. Results showed
fair to substantial concordance between HIE and SR, with higher sensitivity for pro-
cedures (for example, colonoscopy, mammography) and lower sensitivity for lab tests
(for example, FIT, HPV). The Chi-squared test was used to evaluate differences in
screening data.

Burcu Cengiz and coauthors [41] examined the effects of home-based nursing
interventions, informed by the Health Belief Model, on individuals with stomas. The
study included 30 participants in the experimental group and 31 in the control group.
Data analysis involved Chi-squared, Mann-Whitney U, Wilcoxon, and Friedman
tests to evaluate various outcomes. Results showed that home nursing interventions
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significantly improved compliance with stoma management and reduced complica-
tion rates in the experimental group compared to the control group, but no signifi-
cant difference was found in quality-of-life scores. The nursing interventions led to
significant cost savings for the experimental group.

Yirong Wu et al. [42] developed prediction models using electronic health records to
identify the “most harmful” breast cancers, focusing on variables like demographics,
diagnoses, symptoms, procedures, medications, and laboratory results. They used Ridge
Logistic Regression and Lasso Logistic Regression models, both of which showed strong
performance with area under the ROC curve values of 0.818 and 0.839, respectively.
Both models outperformed individual records components. The study also found that
key features such as tobacco use and screening choices were associated with more harm-
ful breast cancer cases.

Kruskal-Wallis test Jacob C. Clifton and coauthors [43] conducted a single-center ret-
rospective study to evaluate the impact of an automated order reminder system on the
timeliness of postanesthesia care unit order placement, analyzing over one hundred
thousand surgical cases. Using the Kruskal-Wallis test, they assessed differences in pro-
cedural variables, including anesthesia duration, between patients receiving remind-
ers and those who did not. The study found that reminders increased the likelihood of
timely order placement and reduced delays in order submission, correlating with shorter
PACU stays and improved pain management outcomes.

Mehrdad Karajizadeh et al. [44] conducted a study to identify the essential informa-
tion needs for rapid response team electronic records in a major organ transplant center
in Shiraz, Iran, through a cross-sectional survey of clinical roles. The Kruskal-Wallis test
revealed significant differences among roles regarding data element priorities, and the
Mann-Whitney U test highlighted distinctions specifically between registered anesthe-
tist nurses and other groups.

Franklin Dexter and coauthors [45] analyzed workloads in veterinary dental clinics
across forty-four workdays, using the Kruskal-Wallis test to compare anesthetist work-
loads among different days. They examined the workloads to identify significant vari-
ations in workload distribution and calculated upper confidence limits for workloads
exceeding allocated times. The Kruskal-Wallis test was specifically applied to assess dif-
ferences in workload data across various days, ensuring that variances in work schedules
were adequately considered for accurate time allocation.

Irene L. Katzan et al. [46] conducted a survey to assess neurologic provider satisfac-
tion with the systematic electronic collection of patient-reported outcome measures
(PROMs), including disease-specific measures and depression screening using the
Patient Health Questionnaire (PHQ-9). The survey was sent to two hundred ninety-nine
staff physicians and advanced practice providers, with two hundred six responding. They
used the Kruskal-Wallis test to evaluate differences in provider responses across age cat-
egories and provider types, and the Mann-Whitney U test to compare perceived useful-
ness between disease-specific information and the PHQ-9 depression screen. The results
showed that PROM collection was deemed useful for patient care, research, and quality
improvement, with respondents expressing similar perceptions of the clinical usefulness
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of both disease-specific information and the PHQ-9 depression screen. The Kruskal-
Wallis test revealed no significant differences in the usefulness between the two types of
data within each center, suggesting that both were similarly valued by providers.

Daniel Clay Williams and coauthors [47] conducted a study to assess physician satis-
faction with electronic health record (EHR) systems, particularly focusing on how they
affect patient care. The study surveyed one hundred fifty-seven physicians at a quater-
nary care academic hospital. The results showed that overall satisfaction with the EHR
system and its perceived impact on patient care were generally positive. The Kruskal-
Wallis test was used for bivariate comparisons, and linear regression models identified
that physician characteristics, including age and clinical role, were associated with EHR
satisfaction. The perceived efficiency in using the EHR was found to be the most sig-
nificant factor influencing overall satisfaction and the perception of its impact on patient
care.

Karim Jabali et al. [48] conducted a study on anesthesiologists’ perceptions of Elec-
tronic Health Records (EHRs) in Saudi Arabia, focusing on their impact, benefits, ease
of use, and anesthesia-specific features. Sixty-seven anesthesiologists participated, with
younger and more experienced users showing more favorable views. The study found
that EHRs were seen as beneficial to healthcare delivery, though job rank negatively
impacted perceptions of ease of use. Specific anesthesiology features were generally
well-received, although integration challenges were noted. The Kruskal-Wallis test was
applied to assess the influence of demographic factors on perceptions, revealing signifi-
cant differences between age groups, but no differences based on job rank or experience
in most aspects of EHR use. Statistical tests showed that age and EHR experience signifi-
cantly influenced perceptions.

Martha Fors and coauthors [49] conducted a study to evaluate sex-dependent differ-
ences in the contribution of the neutrophil-to-lymphocyte ratio, platelet-to-lymphocyte
ratio, lymphocyte-to-monocyte ratio, and mean platelet volume-to-platelet ratio to the
severity and mortality of COVID-19 upon hospital admission. They analyzed data from
3,280 confirmed COVID-19 cases in Quito, Ecuador, and identified differences in the
hematology ratios between men and women. Severe COVID-19 pneumonia and non-
surviving patients had higher levels of these ratios, with men showing higher values than
women. The Kruskal-Wallis test was used to assess the association between these ratios
and mortality and severity, revealing significant differences between the sexes. Dunn’s
post hoc tests indicated differences in most groups, but no significant differences in NLR
levels between surviving women and men. The results suggest that the hematology ratios
could be useful biomarkers for predicting COVID-19 severity and mortality, with vary-
ing performances between men and women.

Luis E. Tollinche et al. [50] conducted a study on the implementation of an automated
Clinical Alert System for improving the documentation compliance of the Immediate
Preoperative Assessment (IPOA) at Memorial Sloan Kettering Cancer Center. A ret-
rospective analysis of 42,285 cases, spanning a year before and after the alert system
implementation, showed that the compliance rate increased significantly from seventy-
six percent to eighty-eight percent (p < 0.001). The analysis revealed that compliance
was more prominent in surgeries that were shorter in duration and occurred earlier in

the day. The study suggests that automated alerts can effectively enhance adherence to
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documentation standards, meeting regulatory requirements like those of the Centers for
Medicare and Medicaid Services and The Joint Commission.

Sigal Shafran-Tikva and coauthors [51] conducted a study to investigate commu-
nity-acquired pressure injuries (CAPIs) in older individuals using big data. Data were
collected from over 44 thousand electronic medical records of patients admitted to
internal medicine departments at two general medical centers between January 2016
and December 2018. The study found that the majority of CAPIs were located in the
buttocks, with smaller occurrences in areas like the sacrum and ankle. Various tissue
types, including necrotic and infected tissue, were identified. A significant portion of
the CAPIs were second-degree, followed by first-degree and third-degree. The study
revealed several patient characteristics associated with CAPIs, such as age, oxygen use,
and albumin levels. Logistic regression was used to estimate the odds ratios of clinical
variables for CAPIs, with a multivariate model highlighting variables that were clini-
cally and statistically significant. The results underscore the importance of data-driven
approaches in identifying and preventing CAPIs, particularly in elderly patients in com-
munity care settings.

This study This work is primarily intended for clinicians and biomedical researchers
who do not have advanced statistical training and may lack the methodological tools to
independently determine the appropriate use of these biostatistics univariate tests. Our
aim is to equip these researchers with a structured and rigorous framework for select-
ing and distinguishing among the four tests examined, based on the nature of the data,
the underlying research question, and key assumptions such as sample size and distribu-
tional properties

Even if some studies on guidelines to statistics exist [52—58], to the best of our knowl-
edge no article provides a handbook to the four univariate statistical tests provided here.
We fill this gap with our investigation. The objective of this study is to provide clarity
on the correct use of these four tests by explaining when each can be applied, for which
types of data, and under what conditions (specifically, sample size and normal distribu-
tion) they yield the most powerful results. Specifically, we aim to help researchers select
the most appropriate test to detect differences in means between groups or to assess the
association between categorical variables.

We organize the rest of the manuscript as follows. After this Introduction, we explain
the mathematical properties of the four tests in the Methods section, where we also offer
guidance on which univariate statistical test to select based on the data types of the sam-
ples analyzed. Afterwards, we report and describe the results of the application of these
tests on toy artificial data and on real-world medical data in the “Results” section. Even-
tually, we summarize and discuss the main findings of our study and describe some limi-
tations and future directions in the “Discussion and conclusions” section.

Methods

In this section, we introduce the formal definitions, mathematical properties, and
assumptions underlying the statistical tests used in this analysis. We also discuss the
calculation and interpretation of the p-value, as well as the conditions required for
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each test to be valid. Additionally, we examine the tests for normality, which help
determine whether parametric or non-parametric tests are more appropriate. This
information will allow us to better understand the strengths and limitations of each
test in the context of the datasets analyzed.

The null hypothesis is the uninteresting scenario

All the four tests produce probability values (called p-values) that can be used to confirm
or reject the null hypothesis (denoted Hy or ho). A null hypothesis is a statement which
says there is no effect or no difference between two samples or events, and it serves as a
starting point for statistical testing.

We clarify the meaning of this concept through an example. Let us consider the
scenario where a pharmaceutical company wants to test whether a new medication
is effective in lowering cholesterol compared to a placebo. In this scenario, the null
hypothesis would be that the new medication has no effect on cholesterol compared
to the placebo.

In statistical terms, this can be expressed as: Ho: Larug = Iplacebo

where (14, represents the mean cholesterol level of the group taking the new drug
and piaceno the mean cholesterol level of the group taking the placebo. In this study,
the researchers would collect cholesterol data from two groups (one receiving the new
drug and the other receiving the placebo) and perform a statistical test (one of the four
tests described in this study) to determine if there is enough evidence to reject the null
hypothesis in favor of an alternative hypothesis, which would suggest that the new drug
does have an effect on lowering cholesterol. That means, if the p-value produced by the
statistical test applied to the cholesterol levels of the group taking the new drug (iayue)
and the cholesterol levels of the group taking the placebo (i4piceno) is lower than the sig-
nificance 0.005 threshold [59], we can reject the hypothesis that the new medical has no
effect on cholesterol compared to the placebo.

In pseudo-code, we can write the previous claim this way:

p_value < test(drug_group.cholesterol_levels, placebo_group.cholesterol_levels)
if(p_value < 0.005) then { null_hypothesis < false }

In turn, this statement means that we can accept the alternative hypothesis saying
that there the new medicine has some effect on lowering cholesterol compared to the
placebo. On the contrary, if the p-value were higher than the 0.005 threshold, we could
not reject the null hypothesis (we will explain significance thresholds later on more
precisely).

One can think of null hypotheses as uninteresting, irrelevant, normal scenarios [60].

Properties and theoretical aspects of statistical tests
In this section, we explain the theory beyond the four statistical tests analyzed in this
study.
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Student’s t-test

The Student’s ¢-test is a statistical test used to verify the statistical significance of the
difference in responses between two groups. It is based on the Student’s ¢-distribution,
used with small sample sizes and a reference population with a normal (or approximately
normal) distribution. The test compares the means of two groups of data and evaluates
whether the difference between them is statistically significant relative to the variability
within the groups themselves.

The test provides a ¢-value and an associated p-value: the ¢-value represents how large
the difference between the means of the two groups is relative to the variability within
the groups; the p-value represents the probability that the observed difference is due to
chance, assuming there is no real difference between the group means. If the p-value is
low (in our case, less than 0.005), it indicates that the difference between the means is
statistically significant.

Assumptions:

« One-sample t-test: requires one sample and a reference value.
« Independent samples ¢-test: requires two independent samples. The variances must
be approximately equal, which can be checked using Levene’s test [61].

« Paired samples ¢-test: requires paired samples.

We can evaluate differences only on metrics, not on categorical values.

Hypotheses:

+ One-sample t-test: Null hypothesis: the sample mean is equal to the reference value.
« Independent samples ¢-test: Null hypothesis: the means of the two samples are equal.
« DPaired samples ¢-test: Null hypothesis: the mean difference between paired groups is

Zero.

How to calculate the ¢-value:

difference between sample means

~ standard error (standard deviation from the mean)

+ One-sample t-test:

X—n

L= S

where X is the sample mean, w is the known mean, S is the standard deviation of the

data, and # is the sample size. We recall that, in the previous formula, the denomina-
tor division is computed before the general division.

+ Independent samples ¢-test:
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where X; is the sample mean, s; is the standard deviation, and #; is the sample size
for group i.
« Paired samples ¢-test:

. X
NG

where X is the mean of the differences, S is the standard deviation of the differences,

and # is the number of pairs.

Results of the ¢-statistic: The higher the ¢-value, the greater the difference between the
means of the samples (the same applies in reverse). The greater the dispersion of the
mean, that is, the standard error, the less significant the difference in the means between
the data.

To accept or reject the null hypothesis, we can either consult a critical ¢-value table or
calculate the p-value.

The p-value is the probability of observing the experimental data or the test results,
assuming the null hypothesis is true. If the p-value is smaller than a chosen threshold (in
our case, 0.005), it means we have sufficient evidence to reject the null hypothesis and
conclude that there is a difference between the two groups.

Regarding the t-value table, we choose a significance level (0.005), then look at the
value for 1 — 0.005 = 0.995. Next, we choose the degrees of freedom (df). For one-sam-
ple and paired tests, df = n — 1, while for independent samples, df = n; + ny — 2.

If the calculated ¢-value is greater than the critical t-value, we reject the null
hypothesis.

We also need to consider the difference between direct and indirect hypotheses. In
an indirect hypothesis, if we verify that there is a difference between the means of two
groups, we do not know which group has a higher mean than the other. In a direct
hypothesis, we know this information (Table 1).

For these different types of the Student’s -test, it is possible to calculate the values that
the ¢-statistic tends toward as the variables change (boundary values). Recall the defini-

tion of the variables involved in the calculation:

« X:sample mean

Table 1 Differentiated Student’s t-tests. df: degrees of freedom. The degree of freedom in statistical
tests refers to the number of independent values or quantities that can vary in an analysis without
breaking any constraints

Sample Difference Hypothesis Formula DF
one sample one sample with a known refer-  ho: w =X, hy: u #X = K= n—1

ence value u s/vn
independent samples two independent samples with — hop: Xy =X, h1: X1 #X = — X0 ny4+ny—2

similar variances (ﬁJri)

ny Ty
paired samples differences in values from the ho: 8 =0,h1:8 #0 t= /f[ n—1
N n

same sample at different times §

Page 15 of 51
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+ p: known mean (only for the one-sample ¢-test)
» S:standard deviation

« n:sample size
In general, we note the following common limits:

¢« §— 0:t — oo:avery small standard deviation erroneously suggests strong statisti-
cal significance.

+ n — oc: very large samples make even very small differences significant.

« n — 0:very small samples make it difficult to obtain significance even with large dif-
ferences.

Mann-Whitney U test

The Mann-Whitney U test, also known as the Wilcoxon-Mann-Whitney test, is a non-
parametric statistical test used to evaluate the significance of differences between two
independent groups. Unlike the Student’s ¢-test, it does not require the assumption of
normality in the underlying population distributions, making it suitable for data that
may not follow a normal distribution or when sample sizes are small.

The test compares the ranks of the data rather than their raw values, assessing whether
one group tends to have systematically higher or lower ranks than the other. It is particu-
larly effective for ordinal or continuous data that violate parametric assumptions.

The test is based on the following assumptions:

«+ The two samples are independent.

+ Observations are ordinal or continuous.

« The distributions of the two groups are similar in shape; otherwise, the test may cap-
ture differences in shape or dispersion in addition to central tendency.

The hypotheses for the Mann-Whitney U test are:

+ Null hypothesis (Hp): The distributions of the two groups are identical, implying no
systematic difference in ranks.

+ Alternative hypothesis (H1): The distributions of the two groups differ, indicating a
systematic rank difference between groups.

The test produces the U statistic, which represents the sum of ranks assigned to one of
the groups, adjusted for the sample sizes. This statistic is then converted into a p-value
to assess significance.

The test statistic U is computed through the following formula:

m-(m+1)

U=mn1- -ny+
1-12 5

Ry
where:

+ n1, np are the sample sizes of the two groups.
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+ Ry is the sum of ranks in the first group [7].

Regarding interpretation, it is worth noticing that a smaller U value indicates a
larger difference between groups. Additionally, the p-value derived from U determines
whether the observed rank differences are statistically significant. A p-value below the
significance level (for instance, 0.005) leads to rejecting Hy, supporting that the groups
differ significantly.

This test has several key features: robustness, since the test does not assume equal var-
iances or normality in the data; applicability, since this test is suitable for both small and
large sample sizes but requires independent observations between groups; and flexibil-
ity, since this test can handle ordinal data and non-normal continuous data [62].

The U test presents several advantages. It is applicable to skewed data or data with
outliers, it is Suitable for small sample sizes, and it does not assume homogeneity of
variances.

However, this test has some drawbacks as well: it is Less powerful than the ¢-test for
normal distributions, and it may lose sensitivity when data contains ties or ranks overlap
significantly [63].

Chi-squared test
The Chi-squared test is a statistical method used to evaluate the differences between
observed and expected frequencies in categorical data. It was first introduced by Karl
Pearson in 1900 as a measure of discrepancy between observed and theoretical distri-
butions. The test is widely applied in contingency table analysis and goodness-of-fit
testing [64].

The Chi-squared statistic is calculated as:

o= Z (O ;Ei)z
i

where:

+ O;represents the observed frequency in the i-th category,
« E; represents the expected frequency in the i-th category under the null hypothe-
sis [9].

The Chi-squared test has several relevant characteristics. First, it evaluates whether
the observed frequencies significantly deviate from the expected frequencies. The null
hypothesis (Hp) states that the observed frequencies match the expected frequencies.
Moreover, the alternative hypothesis (Hi) states that the observed frequencies differ
from the expected frequencies.

This test makes some assumptions as well. Expected frequencies should be sufficiently
large, typically at least 5 in each category, to ensure the validity of the test. Observations
must be independent, meaning that each data point should not influence or depend
on others. Data must be derived from random samples representing the population of
interest.
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The Chi-squared statistic follows a Chi-squared distribution with k — 1 degrees of
freedom, where k is the number of categories. The critical value of x? depends on the
chosen significance threshold (for instance, o = 0.005) and the degrees of freedom.

Regarding interpretation, we can state that a high x? value indicates a large dif-
ference between observed and expected frequencies. Additionally If the p-value
associated with x?2 is less than the significance level, the null hypothesis is rejected,
suggesting significant differences. Conversely, if the p-value is greater than the signifi-
cance level, there is insufficient evidence to reject the null hypothesis.

This Chi-squared test suffers from some limitations, too. When O; = E; for all i,
x% =0, indicating no difference between observed and expected frequencies. As
(0; — E)) — o0, x% — oo, reflecting increasing discrepancies. If E; values are too
small, the Chi-squared statistic may not follow the theoretical Chi-squared distribu-
tion, compromising the test’s reliability [9, 64].

Kruskal-Wallis test

The Kruskal-Wallis test, also called Kruskal-Wallis H-test sometimes, is a nonpara-
metric statistical procedure used to assess whether there are significant differences
among three or more independent groups based on ordinal or continuous dependent
data. It is often considered an extension of the Mann-Whitney U test, which is limited
to comparing two groups. The Kruskal-Wallis test evaluates whether the distributions
of ranks within groups are statistically equivalent or if at least one group deviates sig-
nificantly from the others; this test is particularly useful for comparing independent
groups when the assumptions of one-way ANOVA test are not met, such as when
data are non-normal or when sample sizes are unequal [11].

The test operates on the following principles:

+ Observations within each group are ranked across the entire dataset, assigning
rank 1 to the smallest value, rank 2 to the next smallest, and so on.

+ The test statistic H is computed using the sum of ranks for each group and meas-
ures the degree to which the ranks differ among groups.

+ The null hypothesis (Hp) states that all independent groups share the same central
tendency, indicating they come from the same population distribution.

+ The alternative hypothesis (H;) posits that at least one group exhibits a different
central tendency, suggesting it originates from a distinct population distribution.

Assumptions of the Kruskal-Wallis test include:

+ Observations within groups must be independent.
+ Groups must have distributions with the same shape, though not necessarily the
same median.

« Data must be at least ordinal and originate from random independent samples.

The test statistic H is calculated as:
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where:

+ nis the total number of observations,
+ k is the number of groups,

+ n;is the sample size of group i,

« R;is the average rank for group i,

+ Epis the expected rank under the null hypothesis, given by Ep = ”—erl,
2
« o} is the rank variance, calculated as 03 = ”1;1.

Degrees of freedom for the test are defined as df = k — 1. The computed H statistic
is compared against the critical value from the Chi-squared distribution table with df
degrees of freedom at the desired significance level.

Regarding interpretation, if the H statistic exceeds the critical value, or if the
p-value is less than «, the null hypothesis is rejected, indicating significant differences
among the groups. If H is below the critical value, or the p-value is greater than «,
there is insufficient evidence to reject the null hypothesis.

Of course, the H statistic should not be confused with the null hypothesis (usually
indicated as Hy or /).

This Kruskal-Wallis test also presents several limitations. When the distributions
of all groups are identical, the test statistic H is close to zero, indicating no differ-
ence in medians. As the rank differences between groups increase, H — oo, reflect-
ing stronger evidence against the null hypothesis [65]. However, when sample sizes
are small or unequal, or when there are many tied ranks, the approximation of H
to a chi-squared distribution becomes less accurate, potentially reducing the test’s
reliability [62].

Python software packages
In our computational analyses, we utilized several Python packages to handle data

manipulation, statistical testing, and visualization:

— Pandas: for data manipulation and analysis (reading datasets, handling data-
frames, and cleaning data) [66];

— SciPy: for Student’s ¢, Mann-Whitney U and Chi-squared tests [67];

— Matplotlib: to create bar charts displaying the p-values from statistical tests [68];

— NumPy: for normality testing (Shapiro-Wilk test and Kolmogorov-Smirnov test) [69].

We decided to use the Python programming language because it is free and open
source, allowing the universal reproducibility of our experiments [70, 71]. Addition-
ally, Python is considered the most widely used programming language in the world,
by the PYPL index of July 2025 [72], the TIOBE index of July 2025 [73] and the 2022
Kaggle survey [74].
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Table 2 Summary of statistical tests analyzed. nyand n, are the sample sizes of the two groups in the
comparison. Normality required: Shapiro-Wilk test significant for n < 50 or Kolmogorov-Smirnov test
significant forn > 50

Test Data types for Comparison Normality Output purpose
both samples required
Student’s t numerical means of 2 groups  yes t € (—oo; +00) differences between
group means
Mann-Whitney U numerical, ordinal, ranks of 2 groups  no U e [0;ny-ny1 compare ranks
or categorical between groups.

nyand n; are the
sample sizes of the
two groups in the

comparison
Chi-squared categorical observed versus no x2 € [0; +00)  association or inde-
expected frequen- pendence between
cies variables
Kruskal-Wallis numerical, ordinal, ranks of > 2 no H e [0; +00) compare ranks
or categorical groups across multiple
groups

Table 3 Assumptions and limitations of the statistical tests considered in this study

Test Assumptions Limitations

Student’s t normally distributed data, equal variances sensitive to outliers
across groups
Mann-Whitney U independent observations, data not neces-  does not provide direct information on the
sarily normal difference between groups, less powerful than
the Student’s t-test

Chi-squared data not necessarily normal, independent does not provide information about the direc-
observations tion or magnitude of the difference
Kruskal-Wallis independent observations does not provide information about the direc-

tion or magnitude of the difference

Summary of the four tests considered
We can recap the meanings of the four statistical tests considered this way. The Stu-
dent’s ¢-statistic measures the standardized difference between two group means: a value
of zero indicates no difference, while larger positive or negative values suggest greater
separation. The Mann-Whitney U statistic compares the ranks of values from two inde-
pendent groups: values near zero indicate minimal difference, and values approaching
the product of the group sizes indicate strong ordering in favor of one group. The Chi-
squared statistic compares observed and expected frequencies in contingency tables; it
starts at zero when distributions match perfectly and increases with greater discrepan-
cies. Similarly, the Kruskal-Wallis H statistic evaluates whether rank distributions differ
across multiple groups, starting at zero when distributions are identical and increasing
with larger differences. Higher values of these statistics generally provide stronger evi-
dence against the null hypothesis, but their significance must be evaluated using cor-
responding p-values and degrees of freedom: these values are not p-values, but rather
the raw statistics calculated during the test. We recap the properties of the four analyzed
statistical tests in Table 2 and their assumptions and limitations in Table 3.

The four tests produce not only a probability value (p-value), but also other values. As
we explained earlier (“Properties and theoretical aspects of statistical tests” section), the
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Table 4 Lower and upper boundary cases for the considered statistical tests. ny and n, are the
sample sizes of the two groups in the comparison. H: statistic produced by the Kruskal-Wallis test,
that indicates the degree of difference among the groups being compared, and should not be
confused with the null hypothesis (Ho or ho)

Test Lower limit Upper limit

Student’s t 0 = no difference between groups t — +ooort — —oo: larger differences between means
Mann-Whitney U 0 = no difference between groups U = n; - ny: maximum possible comparisons
Chi-squared 0 = no difference between groups no defined upper limit; x 2 increases with discrepancies

Kruskal-Wallis 0 = no difference between groups no defined upper limit; H increases with discrepancies

Table 5 Our interpretation of the p-values

P-valuerange Judgment Interpretation

[0; 0.005) small strong statistical evidence against Ho; a very significant effect or difference
between groups.

[0.005; 0.01) moderate  some statistical evidence against Ho; some significant effect or difference between
groups.

[0.01; 0.05) large limited statistical evidence against Ho; marginally significant effect or difference
between groups.

[0.05; 1) very large  no statistical evidence against Hy; the observed effect or difference might be due
to chance.

Student’s ¢-test generate the ¢-value, the Mann-Whitney U test generate the U statistic,
the Chi-squared test delivers the Chi-squared statistic, and the Kruskal-Wallis test out-
puts the H statistic. We report the lower limits and the upper limits of these statistics
in Table 4.

Even if these statistics can be useful in several contexts, we mainly consider these four
statistical tests for the probability values they produce. The p-value is a statistical meas-
ure that quantifies the probability of observing an effect or a difference as extreme as, or
more extreme than, what is obtained from the data, assuming the null hypothesis (Hp) is
true. In other words, it is an indicator of the strength of evidence against Hy.

To summarize:

+ A small p-value indicates that the observed data are unlikely under Hy, suggesting
the null hypothesis should be rejected in favor of the alternative hypothesis (H).

+ A large p-value suggests there is insufficient evidence to reject Hp, but it does not
necessarily confirm its validity [75].

In our study we will use the significance threshold at o = 0.005, that actually is 5 x 1072,
as suggested by Daniel J. Benjamin et al. [59]: this choice is made to improve the repro-
ducibility of scientific research and reduce the false positive rates in any scientific
field (Table 5).

Misuses of p-values Probability values produced by statistical tests are the corner-
stone of thousand of scientific studies worldwide, but their use can sometimes be
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wrong or misleading. In particular, the meaning of resulting p-values can be misunder-
stood [76—78] or the threshold to decide if a p-value is significant or not can be arbitrar-
ily chosen [79-81].

Although widely used across scientific disciplines, p-values are often misunderstood
and misapplied. A common misconception is that a p-value indicates the probability that
the null hypothesis is true, when in fact it represents the probability of obtaining results
at least as extreme as the observed ones under the assumption that the null hypothesis
is correct [76-78]. This subtle but crucial distinction is frequently overlooked, leading to
erroneous conclusions, such as equating p > 0.05 with evidence of no effect, or inter-
preting p < 0.05 as confirmation of the alternative hypothesis [77].

The threshold of p < 0.05, though historically influential, is arbitrary and can create a
false dichotomy between “significant” and “non-significant” results [78, 79]. As Altman
et al. [76] and Di Leo et al. [79] point out, this practice not only ignores the continuity
of evidence but also discourages nuanced interpretations based on confidence intervals,
effect sizes, and prior plausibility. Even when p < 0.05, the evidence may be weak—for
instance, a p-value of 0.05 corresponds to a Bayes factor upper bound suggesting the
alternative hypothesis is only about 2.5 times more likely than the null [76].

Moreover, the fixation on arbitrary significance thresholds fosters questionable
research practices such as p-hacking, where analytical flexibility is exploited to reach
statistical significance [81]. Evidence of widespread p-hacking has been documented
through the analysis of p-curve distributions, revealing a disproportionate number of
results just below the 0.05 threshold, particularly in biomedical and multidisciplinary
research [81].

In response to these issues, the American Statistical Association and numerous schol-
ars have called for abandoning the binary notion of statistical significance [80]: their
members advocate instead for more informative inferential approaches that emphasize
compatibility intervals, transparent reporting, prior evidence, and contextual interpreta-
tion of results. Lowering the significance threshold (for example, to 0.005) or integrating
Bayesian reasoning and estimates of false discovery rates can also help mitigate the risks
of spurious findings [76, 79]. Ultimately, the meaningful use of p-values demands a shift
from threshold-based decisions to comprehensive inferential reasoning, where uncer-
tainty, effect size, study design, and scientific plausibility are given equal weight in inter-
preting results.

Selection of statistical tests
These tests are employed depending on the nature of the variables under consideration.
The following table summarizes the appropriate choice of test based on the type of com-
parison between the variables. In the following sections, # will indicate the sample size
and k the number of groups in the comparison, which is the number of unique elements
in a data samples. For example, a sample containing the {1,2,3,4,5,5,5} data elements
has n = 7 (which is the size of the sample) and k = 5 (which is the number of unique
data elements of the sample).

In this section, we set the record straight about which statistical tests should be used
in which cases. We summarize all our guidelines in Table 6, Figs. 1, and 2.
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Table 6 List of statistics tests to be used for comparing pairs of samples, depending on the data
type of the samples and on the number of distinct data elements of the samples. Comparison of
statistical tests based on different types of variables, sample size n, and number of groups k. Group:
number of unique data elements in a sample (k in the text). The case numbers, Diamond 1, and
Diamond 2 refer to Figs. 1 and to 2. *Even when the one-way ANOVA test assumptions are valid,
using the Kruskal-Wallis test is still correct, even if less powerful than the one-way ANOVA test

Case number Groups Comparison Recommended test

1 =2 ordinal versus ordinal Chi-squared test

2 =2 categorical versus categorical  Chi-squared test

3 =2 categorical versus ordinal Chi-squared test

4 =2 numeric versus numeric if n < 50 and Shapiro-Wilk test is significant or
n > 50 and Kolmogorov-Smirnov test is significant
(Diamond 1):

Student’s t-test (only with normal distribution, more
powerful) else:

Mann-Whitney U test (for any distribution, including

normal)
=2 numeric versus categorical Mann-Whitney U test
=2 ordinal versus numeric Mann-Whitney U test
>3 numeric versus numeric if data follows a normal distribution & homogeneity

of variances (Diamond 2): one-way ANOVA test (more
powerful) else:

Kruskal-Wallis test*

8 >3 numeric versus categorical Kruskal-Wallis test
9 >3 categorical versus categorical ~ Kruskal-Wallis test
10 >3 categorical versus ordinal Kruskal-Wallis test
1 >3 ordinal versus numeric Kruskal-Wallis test
12 >3 ordinal versus ordinal Kruskal-Wallis test

Comparison for k = 2 groups. When the pair of samples contains only two different
data elements, all the tests’ selections are straightforward except the numeric versus
numeric comparison. The Chi-squared test should be employed for the ordindal-ordinal
case, the categorical-categorical case, and the categorical-ordinal case. The Mann-Whit-
ney U test should be utilized for the numeric-categorical and the ordinal-numeric test
(Table 6 and Fig. 1).

The situation is different for the numeric-numeric statistical comparison, where two
tests can be utilized. The choice between the Student’s ¢-test and the Mann-Whitney
U test is primarily based on the assumption of normality of the data. If the data follow a
normal distribution, the Student’s ¢-test should be preferred. However, if the data do not
meet this assumption, the Mann-Whitney U test is the appropriate test to use. While the
Mann-Whitney test can be employed even with normally distributed data, it may result
in a loss of statistical power, which could impair the detection of differences between the
groups.

The Student’s ¢-test and the Mann-Whitney U test have some differences in calcu-
lation. The Student’s ¢-test calculates the difference between the means of the two
groups and compares it with the variability (variance) within each group. The formula
takes into account the sample size n and the variance of both groups. On the other
hand, in the Mann-Whitney U test, instead of working with raw numerical values,
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Fig. 1 Flowchart all possible statistical tests choices for pairs of samples containing data of 2 distinct groups.
The numbers in the yellow boxes correspond to the case numbers in Table 6. Groups: number of unique
elements in a sample

ordinal
versus
numerical

the data are ranked from smallest to largest. The sum of ranks for each group is com-
puted, and the ranks (rather than the original data points) are compared between the
groups.

Difference raise also when dealing with outliers. The Student’s ¢-test is sensitive to
outliers, as it is based on the mean of the data, which can be heavily influenced by
extreme values. In contrast, the Mann-Whitney U test is less sensitive to outliers, as it
operates on ranks rather than raw values.

We recap our pieces of advice in Table 6 and Fig. 1.

Comparison for k > 3 groups. In cases where three groups or more need to be com-
pared, the choice of the statistical test is between one-way ANOVA test and Kruskal-
Wallis test. The one-way ANOVA test is preferred when the assumptions of normality,
homogeneity of variances, and independence are met, providing slightly higher statisti-
cal power compared to the Kruskal-Wallis test. However, studies have shown that the
difference in power between one-way ANOVA test and Kruskal-Wallis test is minimal
under normality conditions, with Kruskal-Wallis presenting a disadvantage of approxi-
mately 0.01 to 0.02 in power. When the assumptions for one-way ANOVA test are vio-
lated, the Kruskal-Wallis test often demonstrates substantially higher power, especially
under non-normal distributions such as the Chi-squared distribution with df = 2.
Given that perfect normality is rarely achieved in practice, the Kruskal-Wallis test offers
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Fig. 2 Flowchart representing all possible statistical tests choices for pairs of samples containing data of 3
distinct groups or more. The numbers in the yellow boxes correspond to the case numbers in Table 6. Groups:
number of unique elements in a sample. *Actually, even when normality, homogeneity, and independence
in both samples are present, the Kruskal-Wallis test is still valid and has been proved by Jamie Gleasonto be
slightly less powerful than the one-way ANOVA test [82]

a robust alternative with little to lose in terms of power, making it a reliable choice for
non-normally distributed data or when assumptions of homogeneity of variances are in
question [82]. We report our recommendations in Table 6 and Fig. 2.

Since the strict conditions for a proper use of the one-way ANOVA test are rarely met among
biomedical data, we decided not to focus on this particular test in this study. We mention the
existence of the one-way ANOVA test for full disclosure and for clarity purposes.

Normality testing
It is essential to confirm the normality of the data before selecting the appropriate test.
Two common normality tests used for this purpose are the Shapiro-Wilk test [83] and
the Kolmogorov-Smirnov test [84]. The condition of normality is crucial in deciding
which test to use, and to have statistical certainty about the normality of the data, these
two tests are commonly employed.

The Shapiro-Wilk test is one of the most common tests used to check if a dataset fol-
lows a normal distribution. It is particularly suitable when you have a small or medium-

sized sample (up to about two thousand observations). How it works:
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+ Null hypothesis (Hp): the data follows a normal distribution.
+ Alternative hypothesis (H1): the data does not follow a normal distribution.

Procedure:

«+ Test statistics are calculated based on the difference between your observed data
and the values you would expect if the data were normally distributed.

+ The test returns a p-value.

« If the p-value is greater than the significance level, you do not reject the null
hypothesis, meaning the data are considered compatible with a normal distribu-
tion.

« If the p-value is less than the significance level, you reject the null hypothesis and
conclude that the data do not follow a normal distribution [83].

Limitations of the test:

+ Sensitivity to large samples: with very large samples, even small deviations from nor-
mality may be statistically significant, even if these deviations are not practically sig-
nificant.

+ Sensitivity to small samples: with very small samples, the test may not have enough
power to detect deviations from normality [85].

When to use it: The Shapiro-Wilk test is useful to determine whether you can use para-
metric tests (which require normality, like the ¢-test or one-way ANOVA test) or non-
parametric tests (like the Mann-Whitney or Kruskal-Wallis test). Note: Since this is a
test for normality, it is only valid for continuous numeric variables and not applicable to
ordinal or categorical variables.

The Shapiro-Wilk test is generally preferred over the Kolmogorov-Smirnov test for
assessing the normality of data in specific situations:

+ Higher statistical power for small samples: The Shapiro-Wilk test is known to be
more powerful in detecting deviations from normality when working with small
samples (typically fewer than 50 observations), whereas the Kolmogorov-Smirnov
test may not be as sensitive in these situations.

+ Test specifically for normality: The Kolmogorov-Smirnov test compares an empiri-
cal distribution with a reference distribution (which could be normal or another),
whereas the Shapiro-Wilk test is specifically designed to test whether the data follow
a normal distribution. Therefore, the Shapiro-Wilk test is more targeted when the
goal is to assess normality.

+ Asymptotic distribution: The Kolmogorov-Smirnov test is a non-parametric test and
may be more suitable for large samples, but in the case of small samples, the asymp-
totic distribution it is based on may not provide results as accurate as those from the
Shapiro-Wilk test [86].

In summary, the Shapiro-Wilk test is preferable for small samples and when the goal
is solely to check normality, while the Kolmogorov-Smirnov test is better suited for
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comparing an empirical distribution with a theoretical distribution, especially with
larger samples.

We report the use of these tests in the decision Diamond 1 indicated in Table 6 and
depicted in Fig. 1.

Whitney U test versus Student’s t test Regarding the use of the Whitney U test over
the Student’s ¢ test Zaal Kikvidze et al. [87] evaluated the performance of ¢ tests, Mann—
Whitney U tests, and randomization methods on simulated ecological data with skewed
distributions, unequal variances, and unbalanced sample sizes; they found that the
Mann-Whitney test failed under unequal variances in large samples, while the ¢ test for

unequal variances lost power when smaller samples had lower variability.

Datasets

To understand how to properly use the four tests described in this study, we report
the results of these tests first on artificial data and then on real-world medical data-
sets. In this section, we briefly describe the five datasets derived from electronic med-
ical records that we analyze later in this study.

We decided to use data derived from electronic health records (EHRs) in this study
for several reasons [88]. First, EHRs are relatively easy to access, especially through
open datasets made available for research. Second, they contain clinical information
collected for medical purposes, which increases the real-world relevance of the data.
Third, EHRs are inherently complex, including heterogeneous variables, missing data,
and non-standardized formats. This complexity fit perfectly in the aim of modelling
and explaining; finally, working with open EHR data ensures transparency and repro-
ducibility, which are essential for scientific validation.

Original studies on the datasets considered The purpose of this section is to introduce
the datasets used to compare the four statistical tests under analysis. These datasets were
carefully chosen to demonstrate how each test can be applied effectively in different sce-
narios, highlighting their strengths and suitability for various types of data.

Yangyan Ma and coauthors [89] analyzed clinical and pathological characteristics,
MYCN gene status, surgical methods, and prognosis in neuroblastoma patients from
Eastern China. MYCN amplification was associated with significantly lower overall
survival, and gross total resection improved survival in advanced-stage cases.

Bulent Gucyetmez et al. [90, 91] analyzed inflammatory markers in over one thou-
sand intensive care patients to evaluate whether C-reactive protein levels and blood
count parameters can differentiate sepsis from non-sepsis systemic inflammatory
response syndrome. They found that high C-reactive protein levels combined with
low lymphocyte and platelet counts significantly increased the likelihood of sepsis,
while other common markers such as white blood cell count and neutrophil count
were not reliable discriminators.

Bhautesh Dinesh Jani and coauthors [92] investigated the impact of depression on

clinical outcomes in heart failure patients from a community cohort. Depression was
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associated with increased risks of hospitalization and death, and its inclusion in pre-
dictive models significantly improved risk stratification.

Rosa Requena-Morales et al. [93] examined out-of-hospital cardiac arrest mortality
in Alicante, Spain, identifying male gender, asystole, longer emergency response time,
and cardiac arrest at home as significant risk factors. The findings highlight the need for
enhanced CPR training policies to reduce mortality.

Yuichi Takashi and coauthors [94, 95] examined the relationship between serum oste-
ocalcin levels and body fat percentage in Japanese young adults with childhood-onset
type one diabetes. The study found an inverse correlation between osteocalcin concen-
trations and body fat, which remained significant after adjusting for clinical factors. No
associations were observed with adiponectin, testosterone, muscle strength, or insulin
dose.

Results

In the previous sections, we described the theoretical and mathematical properties and
the assumptions of the four statistical tests. Here we move from theory to practice. In
this section, we first report the results obtained the the considered statistical tests on
artificial data (“Tests on artificial data” section) and then on medical datasets (“Tests on

medical data” section).

Tests on artificial data
Before applying the statistical tests to real-world datasets, we performed several san-
ity checks on artificial data for each test. This step ensures that the tests behave as

Table 7 One sample Student’s t-test — sanity check. The symbol *** indicates statistical significance
at the 0.005 level. Lower p-values indicate stronger evidence of a significant difference between the
sample and the known mean. As expected, comparisons involving increasingly different values yield
progressively smaller p-values

Comparison Batches Characteristics P-value

identity samplel =1[2,2.1,19,22,1.8] identical data to the 1.000
known mean, no differ-
ence, the test should not
be significant.

known mean1 po=2

mean close to the sample sample2 =1[2,0.1,39,1.2,28] known mean close tothe  0.200
sample data, the test does
not detect a significant
difference.

known mean2 o= 3

mean far from the sample sample2 =[2,0.1,3.9,1.2,28] known mean distant from 0.010
the sample data, the test
detects a significant dif-
ference.

known mean3 puo=>5

mean very far from the sample sample2 =[2,0.1,3.9,1.2,2.8] known mean extremely 3732 x 107o%**
distant from the sample,
the test detects a highly
significant difference.

known mean4 po=15
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expected under controlled conditions, helping to verify their proper implementation and
interpretation.

In Table 7 we report the results of the tests conducted for the one-sample Student’s
t-test using two fixed samples with the same mean, varying the known population mean
Wo to test the method’s responsiveness. To design the sanity checks, we started with
samples characterized by low and then higher variance, and tested them against known
population means that were initially identical to the sample mean and then progressively
more distant, up to values far outside the observed data range. When the known mean
equals the sample mean (uo = 2), we expect no difference and a very high p-value. This
outcome is confirmed by the result p = 1.000. With a slightly different known mean
(1o = 3), a moderate p-value is expected, still above the threshold. The result p = 0.200
confirms this. As the known mean increases further (1o = 5), we expect the p-value to
decrease, approaching significance. Indeed, we obtain p = 0.010, consistent with expec-
tations. Finally, with a distant known mean (1o = 15), we expect a highly significant
result. The very low value p = 3.732 x 107° confirms this. Overall, the results behave as
expected: larger discrepancies between the sample and the known mean lead to progres-
sively smaller p-values, validating the test.

In Table 8, we disclose the results of the tests carried out for the independent samples
Student’s ¢-test by comparing different pairs of samples under controlled scenarios. To
design the sanity checks, we generated independent sample pairs with increasing dif-
ferences in variance, and then progressively altered the group means, from identical

Table 8 Independent samples Student’s t-test — sanity check. The symbol *** indicates statistical
significance at the 0.005 level. Lower p-values indicate stronger evidence of a significant difference
between the two samples. As expected, comparisons involving samples with increasingly different
values yield progressively smaller p-values

Comparison Batches Characteristics P-value

identity samplel =1[2,2.1,19,22,1.8] identical data, no difference 1.000
between groups, the test
should not be significant.

samplel =[2,2.1,19,2.2,1.8]
different variances samplel =1[2,2.1,19,2.2,1.8] samples with different 1.000
variances but similar means,

the test does not detect a
significant difference.

sample2 =[2,0.1,39,1.2,2.8]

highly different variances sample3 = [35, 45, 50, 55, 65] samples with highly differ-  0.872
ent variances, the test does
not detect a significant
difference.

sample4 = [-150, 0, 50, 100, 200]
distant groups sample5=[1,2,7,8,5] groups with clearly differ- 2358 x 1073***
ent means, the test detects
a significant difference.
sample6 =[10, 12, 15, 18, 20]
very distant groups sample5=[1,2,7,8,5] groups with very distant 9179 x 10~9%**
means and variances, the

test detects a highly signifi-
cant difference.

sample7 = [60, 65, 68, 63, 70]
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values to increasingly distant ones, to evaluate the test’s sensitivity to between-group
differences in central tendency. When the two samples are identical, we expect no dif-
ference and thus a p-value of 1.000, which is exactly what we observe in the first row
of Table 8. In the second case, although the variances differs, the sample means are
similar; we expect the test to remain non-significant. The result (p = 1.000) confirms
this expectation. With two samples showing large differences in variance but still simi-
lar central tendencies, we envision a non-significant result again. The obtained p-value
of 0.872 confirms that variance alone does not lead to significance in this context. In
the fourth case (sample5 and sample6), the two groups have clearly different means. We
expect a statistically significant result. The test confirms this expectation by producing
p = 2.358 x 1073, which is below the threshold of 0.005. Finally, when comparing two
groups with both very different means and variances, we expect a highly significant dif-
ference. The result is indeed strongly significant (p = 9.179 x 10~°), validating the test’s
sensitivity. Overall, the observed outcomes match theoretical assumptions: as the differ-
ence between group means increases, the p-value decreases accordingly, confirming the
correct behavior of the independent samples ¢-test.

In Table 9, we detail the results of the sanity check experiments for the paired samples
Student’s ¢-test by comparing fixed sample pairs under increasingly divergent conditions.

Table 9 Paired samples Student’s t-test — sanity check. The symbol *** indicates statistical
significance at the 0.005 level. Lower p-values indicate stronger evidence of a significant difference
between the two samples. As expected, comparisons involving samples with increasingly different
values yield progressively smaller p-values®When the paired samples are identical (in our case,
samplel and samplel), all differences between observations are zero. The paired t-test statistic,
which divides the average difference by the standard deviation of the differences divided by the
square root of the sample size, involves a division by zero. Since the denominator becomes zero, the
test is mathematically undefined

Comparison Batches Characteristics P-value

identity samplel =1[2,2.1,1.9,22,1.8] identical data, no difference  Undefined®
between groups, the test
should not make sense.

samplel =[2,2.1,19,2.2,1.8]

different variances samplel =1[2,2.1,1.9,22,1.8] differences in variance in 1.000
paired data but no signifi-
cant difference in means.

sample2 =[2,0.1,39,1.2,2.8]

highly different variances sample3 = [35, 45, 50, 55, 65] significant variance dif- 0.859
ferences in paired data,
the test does not detect a
significant difference.
sample4 = [-150, 0, 50, 100, 200]
distant groups sample5=11,2,7,8,5] paired data with clearly 1.000 x 1073%**
different means, the test
detects a significant differ-
ence.
sample6 =[10, 12, 15, 18, 20]
very distant groups sample5 =11,2,7,8,5] paired groups with highly 3,877 x 1076***
different means, the test
detects a highly significant
difference.

sample7 = [60, 65, 68, 63, 70]
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To design the sanity checks, we created paired samples starting from identical values,
then varied the within-pair differences by modifying the variance, and finally introduced
progressively larger shifts in the paired means to assess how the test responds to increas-
ing paired discrepancies. In the first case, the same sample is compared with itself. Since
all paired differences are exactly zero, the test statistic is mathematically undefined due
to division by zero. This undefined outcome is what we expected to see. In the second
case (samplel and sample2), we compare paired samples with similar means but differ-
ent variances. Since the differences between pairs are small, we expect a non-significant
result. The test confirms this prospect by generating p = 1.000. In the third case, the
variances differ substantially, but the means are still close. The expected outcome is a
insignificant result, which is confirmed by the value p = 0.859, clearly above the 0.005
threshold. In the fourth case, the paired samples differ clearly in their means. We expect
the test to detect a significant difference. The test returns p = 1.000 x 1073, below the
threshold of 0.005, as forecast. Finally, when the means are very distant (sample5 and
sample?), we expect a strongly significant result. The test returns p = 3.877 x 107, con-
firming the expected behavior. These results show that the paired ¢-test correctly detects
differences in means while being robust to variance shifts in the context of paired data.
As the magnitude of the mean difference increases, the p-value decreases accordingly.

In Table 10, we outline the results obtained thorughthe sanity checks for the Mann-
Whitney U test, by comparing samples under various controlled conditions to assess the
test’s robustness and limitations. To design the sanity checks, we constructed pairs of
independent samples with varying levels of separation, variance, and rank distribution.

Table 10 Mann-Whitney U test — sanity check. The symbol *** indicates statistical significance at
the 0.005 level. Lower p-values indicate stronger evidence of a significant difference between the
two samples. As expected, comparisons involving samples with increasingly different values yield
progressively smaller p-values

Comparison Samples Characteristics P-value

identical samples sample6 =[10,12, 15,18, 20] identical data, no difference 1.000
between groups, the test
should not be significant.

sample6 =[10, 12, 15, 18, 20]
separate samples sample8 =[1,1,1,1,1] significant separation between  0.398
groups; the test should detect
a significant difference.
sample9 =[10, 10, 10, 10, 10]
unequal sample sizes  sample10=[12,13, 15] unequal sample sizes butinde- 0.024
pendent; the test can be used
but might be less reliable.
sample11 =[20, 22,21, 23, 25, 19]
overlapping samples sample12 =1[4,5,7,8,9] overlapping data reduces test ~ 0.343
power; results may not be
significant.
sample13=1[6,7,8,9,10]
asymmetric samples  sample14 =11,1,2,2,3,3] asymmetric data may distort ~ 4.847 x 1073***
results; the test may not be
significant due to skewed
distributions.
sample15 = [100, 200, 300, 400,
500, 600]
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We began with identical samples, then introduced cases with complete separation but
tied ranks, followed by unequal sample sizes, overlapping data, and highly asymmetric
distributions, to explore the test’s sensitivity and limitations under diverse non-para-
metric conditions. When the two samples are identical, we expect the test not to detect
any difference. The result p = 1.000 confirms this belief, as we forecast. In the second
case, although the two groups are perfectly separated in value, they have minimal vari-
ance and tied ranks, which may limit the test’s sensitivity. Despite the large difference in
values, the result is p = 0.398, not statistically significant, which deviates from expecta-
tions and highlights a potential limitation of the test in small, uniform samples. With
unequal sample sizes (samplell and samplel2), instead, we expect the test to remain
usable but possibly less stable. The result p = 0.024 indicates a moderate difference
but does not cross the 0.005 threshold, aligning with a lower power due to the imbal-
ance. In the fourth scenario, the two samples overlap considerably. We expect a non-
significant result due to reduced rank separation. The test confirms this prediction with
p = 0.343. Finally, when comparing highly asymmetric samples (samplel5 and sam-
plel6), we expect a strong signal of difference. Despite the skewness, the Mann-Whitney
test returns a significant result (p = 4.847 x 1073), just below the significance threshold,
confirming its sensitivity even in the presence of distributional asymmetry. Overall, the

Table 11 Chi-squared test — sanity check. The symbol *** indicates statistical significance at the
0.005 level. Lower p-values indicate stronger evidence of a significant difference between the
two samples. As expected, comparisons involving samples with increasingly different values yield
progressively smaller p-values

Comparison Batches Characteristics P-value

uniform distribution sample16 = [25, 20, 35, 20] both distributions are closeto  0.427
uniform; the test should not
be significant.

sample17 = [25, 25, 25, 25]

imbalanced distribution sample18 =1[10, 12,8, 10, 10] slight deviations from uni- 0.982
formity; the test should not be
significant.

sample9 =[10, 10, 10, 10, 10]

small sample variation ~ sample19=15,6,4, 5,5, 5] minimal variance between 0.999
groups; the test should not be
significant.

sample20 =[5,5,5,5,5,5]

strong imbalance sample21 =1[4,10,4, 10] strong differences between 0.256
groups; the test may detect an
imbalance.

sample17 = [25, 25, 25, 25]
highly unbalanced sample22 = [2, 20, 2, 20, 2] highly skewed distribution; 1.000 x 10~7%**
the test should detect a
significant difference.
sample23 = [100, 100, 100, 100,
100]
extreme imbalance sample24 =1[1,1,1,1, 26] one category dominates; the 2202 x 10~°***
test should detect a signifi-
cant difference.

sample25 = [6, 6, 6, 6, 6]
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test behaves mostly as expected, though limitations emerge in cases of extreme separa-
tion with no variance or when sample sizes are small and homogeneous.

In the Table 11, we outline the results of the sanity check experiments for the Chi-
squared test, comparing categorical data distributions to assess the test’s sensitivity to
imbalance. To design the sanity checks, we created pairs of categorical distributions with
increasing imbalance. We started with uniform and nearly uniform frequency distribu-
tions, then introduced small and moderate deviations, and finally constructed highly
skewed and extreme distributions to assess the test’s responsiveness to categorical asso-
ciation under varying levels of discrepancy. When comparing two uniform distributions,
we expect no significant difference. The result p = 0.427 confirms this. Similarly, in the
case of a slight deviation from uniformity, we expect the test to remain non-significant.
The test yields p = 0.982, which confirms the expectation. When small variations are
introduced between groups, as in the third case, we again expect a non-significant result.
The value p = 0.999 confirms this lack of evidence against the null hypothesis. In the
fourth case, the two groups show a strong difference in frequency values, but with small
sample sizes. We expect a possible sign of imbalance, though limited power may affect
detection. The result p = 0.256 indicates no significant difference, aligning with this
uncertainty. In the fifth scenario, the distributions are highly skewed. We expect a signif-
icant result due to the extreme imbalance. The test confirms this with p = 1.000 x 1077,
Finally, when one group is dominated by a single value and the other is uniform, we
expect the test to clearly detect the difference. The test yields p = 2.202 x 107>, con-
firming our expectation. Overall, the Chi-squared test behaves as expected: it does not
detect differences under uniformity or minimal variation, while it correctly identifies
statistically significant discrepancies when the imbalance becomes substantial.

In the Table 12, we report the results achieved through sanity checks for the Kruskal-
Wallis test by comparing three independent samples under various conditions, assessing
how rank-based differences affect significance. To design the sanity checks, we generated
three-group comparisons with increasing differences in central tendency and variance.
We started with identical samples, then varied the spread while keeping similar ranks,
and finally introduced progressively more distinct mean and rank patterns to evaluate
the test’s ability to detect rank-based differences across multiple groups. In the first case,
all three samples are identical. We expect no rank difference and a non-significant result,
which is confirmed by p = 1.000. In the second scenario, the samples differ in variance
but not in rank distribution. We expect the test not to detect a difference: the p-value
of 0.978 confirms assumption. In the third case, despite highly different variances, the
samples have nearly identical means and aligned ranks. The test again yields p = 1.000,
confirming our expectation. When comparing samples with different means and vari-
ances but similar rank distributions, we do not expect significance. The test result of
p = 0.645 aligns with this prospect. In the fifth case, the groups have clearly different
means and values spread far apart. We expect to obseverve statistical significance, and
the test returns p = 0.023, which confirms this although it is just above the stricter
threshold of 0.005. With more extreme group differences, we expect strong significance.
The result p = 1.930 x 1073 confirms this prospect. Surprisingly, the final comparison
involves similar distributions without evident shifts in ranks, yet the test yields a highly
significant result (p = 2.490 x 10~°). This outcome suggests that even subtle, systematic
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Table 12 Kruskal-Wallis test — sanity check. The symbol *** indicates statistical significance at
the 0.005 level. Lower p-values indicate stronger evidence of a significant difference between the
two samples. As expected, comparisons involving samples with increasingly different values yield
progressively smaller p-values

Comparison Samples Characteristics P-value

identity samplel =1[2,2.1,1.9,22,1.8] identical data, no differ- 1.000
ence between groups, the
test is not significant.
samplel =[2,2.1,19,2.2,1.8]
samplel =[2,2.1,19,2.2,1.8]
different variances samplel =1[2,2.1,1.9,2.2,1.8] differences in variance, 0978
no significant difference
in ranks, the test is not

significant.
sample2 =1[2,0.1,39,1.2,2.8]
sample26 =1[2,0.1,0.9,4.2,5.8]
equal means, highly sample27 =[51.5,52,525, 53, equal means but highly 1.000
different variances 53.5] different variances, no

significant difference, the
test is not significant.

sample28 = [47.5, 50, 52.5, 55,

57.5]

sample29 =[10, 30, 52.5, 75, 95]
different means and sample27 =[51.5,52,525, 53, different means and 0.645
variances 53.5] variances, no significant

difference in ranks, the test
is not significant.

sample30 = [42.5,47.5,50, 52.5,

57.5]
sample31 =[10, 30, 50, 70, 90]
distant groups sample5 =11,2,7,8,5] paired data with clearly 0.023
different means, the test is
significant.
sample7 = [60, 65, 68, 63, 70]
sample32 =[252,22.1,91.9,22,
41.8]
very distant groups sample5=1[1,2,7,8,5] highly distant groups, the 1,930 x 1073***

test is significant.
sample7 = [60, 65, 68, 63, 70]
sample33 =[252,722.1,951.9,
782.2,941.8]
similar groups sample34 = [80, 85, 90, 88, 84, 87, similar groups with no 2490 x 1070%**
89,91, 86, 82] clear difference, the test is
highly significant.
sample35 = [60, 65, 70, 68, 64, 67,
69,71, 66,62]
sample36 = [40, 45, 50, 48, 44, 47,
49,51, 46,42]

rank shifts can be detected as significant, possibly due to the larger sample size. Overall,
the Kruskal-Wallis test behaves as expected in most cases: it remains robust to variance
changes when ranks align, and becomes sensitive as rank distributions diverge, although
it may sometimes over-detect differences in structured but similar data.

Artificial data results recap. Overall, the results obtained from the sanity checks
confirm the theoretical expectations: each statistical test behaved consistently with its
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underlying assumptions, demonstrating appropriate sensitivity to differences in central
tendency, rank distribution, or categorical imbalance, and highlighting specific condi-
tions under which their performance may be limited.

Tests on medical data

The next figures represent barcharts illustrating the p-values obtained from statistical
tests (¢-test, Chi-squared test, Mann-Whitney U test, Kruskal-Wallis test) conducted on
the variables analyzed in relation to the target variable (Figs. 3, 4, 5, 6, 7). Each bar rep-
resents the p-value of a variable, ordered from highest to lowest. Bars are colored so that
variables with p-values greater than the significance threshold (p > 0.005) are shown in
sky blue, while those with p-values below the threshold are shown in red, indicating sta-
tistical significance.

A dashed line marks the significance threshold to clearly distinguish between signifi-
cant and non-significant variables. Significant variables are labeled with a star next to
their name. Additionally, significant p-values are annotated in scientific notation next to
their respective bars.

This visualization allows for a quick identification of variables that significantly impact
the outcome of the analysis, making it easier to interpret the determining factors in the
statistical evaluation.

Neuroblastoma dataset Figure 3 illustrates the p-values of various variables in rela-
tion to the outcome, using Chi-squared tests (chi) and the Mann-Whitney U test (MW).
Variables with significant p-values are highlighted in blue, with asterisks denoting their
level of significance (*** for p-values <0.005). The red dashed line represents the signifi-
cance threshold set at o = 0.005. The variables “risk’; “MYCN status’, and “UH or FH”
show highly significant relationships with the outcome, with p-values highly below the
0.005 threshold. These findings are consistent with the original study results, which have
also identified these variables as significant predictors of the outcome [89]. Addition-
ally, these results are consistent with other published studies: the correlation between
the outcome and MYCN status has been verified by Damiano Bartolucci and coau-
thors [96] and the correlation between outcome and favorable histology (FH) and unfa-
vorable histology (UH) has been verified by Atsuko Nakazawa et al. [97] The remaining
variables did not show significance under the stringent & = 0.005 threshold: this stricter
threshold, compared to the commonly used o = 0.05, reduces the likelihood of type one
errors, leading to fewer significant results. In the original study of this article [89], the
normality threshold has not been specified, and we assume it to be @ = 0.05. The vari-
ables “risk’, “M'YCN status’, and “UH or FH” are highly significant, in agreement with the
original publication [89] and confirming prior findings [89, 96, 97].

Sepsis and SIRS dataset Figure 4 depicts the p-values of various clinical and demo-
graphic variables in relation to the diagnosis of septic versus non-septic SIRS, using Chi-
squared tests (chi) for categorical variables and the Mann-Whitney U test (MW) for con-
tinuous or ordinal ones. Variables with significant p-values are highlighted in blue, with
asterisks denoting their significance level (*** for p-values < 0.005). The red dashed line
indicates the significance threshold set at « = 0.005. The variables “Group’; “Mortality’,
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“LOS-ICU’, “SOFA’, “EOC’, and “APACHE I1” show strong associations with the diagno-
sis, with p-values far below the 0.005 threshold. These findings confirm the conclusions
of the original study [90], which identified these variables as key markers in discriminat-
ing septic from non-septic patients. For example, the correlation between diagnosis and
mortality has also been identified by Michael Bauer et al. [98]. The remaining variables,
including PLTC, CRP, sex, and various blood cell counts, did not reach statistical sig-
nificance under the strict « = 0.005 threshold. This threshold, which is more conserva-
tive than the commonly used « = 0.05, reduces false positives but may overlook relevant
predictors. Based on the original study [90], variables such as CRP, LymC, and PLTC
were nonetheless considered important in multivariate combinations. No normality
assumption was stated in the original paper; we assume o = 0.05 as the general thresh-
old unless otherwise specified. The variables resulting more relevant through the biosta-
tistics tests are known to be associated with neuroblastoma in the scientific literature.

Depression and Heart Failure dataset Figure 5 shows the p-values of various clinical
and demographic variables in relation to two-year mortality in patients diagnosed with
heart failure, using Chi-squared tests (chi) for categorical variables and the Mann-Whit-
ney U test (MW) for continuous or ordinal ones. Variables with significant p-values are
shown in blue, with asterisks indicating significance levels (*** for p-values <0.005). The
red dashed line represents the threshold for significance, set at « = 0.005. The variables
“Hospitalized’, “PHQ-9’;, “BNP/NT-BNP levels’, and “Etiology HF” are associated with
highly significant p-values, confirming the original study’s findings that depression, hos-
pitalization history, and cardiac biomarkers are strong predictors of mortality [92]. The
variables “Hospitalized” (p = 0.0064), “PHQ-9” (p = 0.0118), “BNP/NT-BNP levels”
(p = 0.0119), and “Etiology HF” (p = 0.0302) did not reach statistical significance under
the stricter threshold of @ = 0.005, but their p-values were close to this cutoff. These
results remain directionally consistent with the original study’s findings [92], which
identified depression, hospitalization history, and cardiac biomarkers as relevant pre-
dictors of mortality in heart failure. The correlation between death and Patient Health
Questionnaire-9 score (PHQ-9) has also been detected by Scott R. Beach et al. [99].
Other variables such as age, estimated glomerular filtration rate, and time from diagno-
sis to death or hospitalization were not significant at this threshold. As in the previous
dataset, the stricter @ = 0.005 threshold reduces the probability of false positives, poten-
tially excluding variables that could contribute meaningfully in multivariate settings. The
original analysis showed that PHQ-9 in particular improves model performance when
included, emphasizing the importance of considering weakly associated variables in
broader prediction frameworks [92]. The dataset original study does not explicitly state a
normality assumption, so we infer a default threshold of @ = 0.05.

Cardiac Arrest dataset Figure 6 represents the p-values of various clinical and demo-
graphic variables in relation to pre-hospital mortality (“Exitus” variable) following out-
of-hospital cardiac arrest, using Chi-squared tests (chi) for categorical variables and the
Mann-Whitney U test (MW) for continuous variables. Significant variables are high-
lighted in blue, and asterisks indicate the level of significance (*** for p-values <0.005).
The red dashed line marks the significance threshold, set at « = 0.005. The variables
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“Asystole” and “Cardiac arrest at home” display p-values well below the threshold, indi-
cating a strong statistical association with the mortality outcome. These findings match
those reported in the original study [93], where both conditions were shown to sig-
nificantly increase the odds of death before hospital arrival. The correlation between
“Exitus” and “Asystole” has also been verified by Junki Ishii et al. [100] Other variables
like age, sex, time to EMS, and bystander CPR did not reach the stringent threshold,
despite some being considered relevant in multivariate analysis. The use of a conserva-
tive o = 0.005 level limits type I errors but may overlook weaker predictors. The origi-
nal dataset study [93] also discussed functional status and emergency response delay as
important but multifactorial contributors. Normality was not assumed or tested explic-
itly, so we presume a general threshold of « = 0.05.

Diabetes Type One dataset Figure 7 represents the p-values of various biological and
clinical variables in relation to body fat percentage in patients with type one diabetes,
tested using Chi-squared tests (chi) for categorical variables and the Mann-Whitney
U test (MW) for continuous ones. Significant p-values are shown in blue, and levels

of significance are indicated by asterisks (*** for p-values <0.005). The red dashed line
marks the threshold for significance at « = 0.005. The variables “body mass index”, “sex’,
and “HbAlc” exhibit strong associations with the body fat outcome, with p-values well
below the threshold. These results are consistent with the original study [94], which
emphasized the role of glycemic control and anthropometric factors in fat accumula-
tion. The correlation between percent body fat and HbA1c has also been confirmed by
a study by Julie Bower et al. [101]. None of the tested variables, including “body mass
index’, “sex”, and “HbA1c’, reached statistical significance at the predefined threshold
of @ = 0.005. Nonetheless, body mass index (p = 0.0306) and sex (p = 0.055) showed
p-values closer to the cutoff and may still be of interest. These findings are only par-
tially consistent with the original study [94], which emphasized the influence of glycemic
control and anthropometric factors on fat accumulation. While the association between
percent body fat and HbA1lc has been reported elsewhere [101], it was not confirmed
in our analysis. Other variables, including ucOC and OC, did not reach significance in
this univariate analysis, but were found to have an inverse relationship with body fat in
the original multivariate regression. Additional variables such as adiponectin, testoster-
one, and insulin dosage also failed to show significance under the @ = 0.005 criterion.
As with other datasets, this stricter threshold reduces type I error risk, though it may
exclude weak but meaningful predictors. The original dataset study [94] does not specify

any test for normality, so we assume a conventional ¢ = 0.05 baseline.

EHRs results recap  scrivere qua riassunto Using a significance threshold of « = 0.005,
only a subset of variables reached statistical significance in univariate tests. However,
several others, such as “PHQ-9” in heart failure and “Body Mass Index” in type one dia-
betes, showed p-values close to the cutoff and may still hold predictive value in multi-
variate models. Overall, the results align with the original studies: key predictors such as
“MYCN status” in neuroblastoma and “SOFA” in sepsis were confirmed. Some expected
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associations did not reach significance, likely due to the conservative threshold and the
univariate nature of the analysis. In absence of normality assumptions in the original
sources, non-parametric methods were used, and comparisons with the conventional
a = 0.05 suggest that certain borderline variables could be reconsidered in broader
modeling frameworks. Consistencies with external studies support the clinical relevance
of several findings, even when p-values were not below the threshold.

Discussion and conclusions

A manual on univariate statistical tests In an era where machine learning and artifi-
cial intelligence are becoming increasingly prevalent, biostatistics can serve as a useful
and simpler tool for assessing the validity of scientific results obtained through compu-
tational analyses. Biostatistics offers a range of statistical tests that are low in computa-
tional cost and can be executed quickly, providing researchers with insights into poten-
tial strong relationships between two samples. However, these statistical tests are often
chosen incorrectly, applied out of context, or used in a misleading manner, particularly
in biomedical informatics. In this study, we try to alleviate this problem by analyzing
the four most common univariate statistical tests that we have employed and observed
in our scientific activities: Student’s ¢-test, Chi-squared test, Kruskal-Wallis test, and
Mann-Whitney U test. Our goal is to bring some order to this topic and provide a gen-

eral guide on when to choose one test over another.

We first introduce these four biostatistics tests by explaining their mathematical prop-
erties, assumptions, produced statistics, and the meanings of their p-values. Then we
provide some guidelines on when to choose which test, based on the datatypes of the
samples considered. Afterwards, moving from theory to practice we applied these four
tests to artificial data and to real-world medical data derived from electronic medical

Table 13 Description of the variables used in the Neuroblastoma dataset. The target variable we
consider is ‘outcome’, used to assess survival

Variable Description and possible values Type
Age Any positive integer Numerical
Sex 0 = Female, 1 = Male Categorical
Site 0, 1, 2,... (codes for tumor primary sites) Categorical
Stage 1,2,3,4 Ordinal
Risk 0 = Low risk, 1 = High risk Categorical
time months Any positive integer Numerical
autologous stem cell transplantation 0=No, 1 =Yes Categorical
radiation 0=No, 1 =Yes Categorical
degree of differentiation 0 = Well differentiated, 1 = Moderately differenti-  Ordinal
ated, 2 = Poorly differentiated
UHor FH 0 = Absent, 1 = Present Categorical
MYCN status 0 = Normal, 1 = Amplified Categorical
surgical methods 0 = No surgery, 1 = Surgery performed Categorical

outcome

0 = Not survived, T = Survived

Categorical
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Table 14 Description of the variables used in the Sepsis & SIRS dataset. The target variable we
consider is “diagnosis_OEC_1M_2AC", used to assess the diagnosis in the patients

Variable Description and possible values Type

Age Patient’s age in years (positive integers) Numerical
sex_woman 0 = Male, T = Female Categorical
diagnosis OEC TM 2AC 0 = Elective surgery, 1 = Medical disease, 2 = Emergency surgery Categorical
APACHE Il Acute Physiology and Chronic Health Evaluation score at ICU admission  Numerical
SOFA Sequential Organ Failure Assessment score at ICU admission Numerical
CRP C-Reactive Protein measured in mg/dL at ICU admission Numerical
WBCC White Blood Cell Count measured in 103 cells/uL at ICU admission Numerical
NeuC Neutrophil Count measured in 10> cells/uL at ICU admission Numerical
LymC Lymphocyte Count measured in 103 cells/uL at ICU admission Numerical
EOC Eosinophil Count measured in cells/ul at ICU admission Numerical
NLCR Neutrophil-to-Lymphocyte Count Ratio at ICU admission Numerical
PLTC Platelet Count measured in 10 cells/uL at ICU admission Numerical
MPV Mean Platelet Volume measured in femtoliters (fL) at ICU admission Numerical
Group 0 = Non-sepsis SIRS, 1 = Sepsis Categorical
LOS-ICU Length of ICU stay in days (positive integers) Numerical
Mortality 0 = Alive at ICU discharge, 1 = Deceased during ICU stay Categorical

Table 15 Description of the variables used in the Depression and Heart Failure dataset. The target
variable we consider is “Death’, used to assess death within two years

Variable Description and possible values Type

Age (years) Age in years Numerical
Male Patient gender (1 = Male, 0 = Female) Categorical
PHQ-9 Patient Health Questionnaire score Ordinal
Systolic BP (mm Hg) Systolic blood pressure in mm Hg Numerical
Estimated glomerular filtration rate Estimated glomerular filtration rate Numerical
Ejection fraction (%) Heart ejection fraction (percentage) Numerical
Serum sodium (mmol/I) Blood sodium concentration in mmol/I Numerical
Blood urea nitrogen (mg/dl) Blood urea nitrogen in mg/dl Numerical
Etiology HF Etiology of heart failure (1 = Yes, 0 = No) Categorical
Prior diabetes mellitus Presence of pre-existing diabetes mellitus Categorical
Elevated level of BNP/NT-BNP Elevated BNP or NT-BNP levels (1 = Yes, 0 = No) Categorical
Time from HF to Death (days) Time from heart failure to death (in days) Numerical
Death Death within two years (1 = Yes, 0 = No) Categorical
Time from HF to hospitalization (days) Time from heart failure to hospitalization (in days) Numerical
Hospitalized Hospitalization within two years (1 = Yes, 0 = No) Categorical

records. This way, we displayed the behavior of the analyzed four tests on a practical

application.

This study has highlighted that the choice of statistical test is not arbitrary but instead
highly dependent on several key factors. Among these, the type of data—whether

numerical, categorical, or ordinal—plays a crucial role. Particular attention should be

given to binary variables, for which the decision to treat them as categorical or ordi-

nal depends on both their nature and the context of analysis. Additionally, the nor-

mality of numerical data and the sample size significantly influence which test is most
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Table 16 Description of the variables used in the Cardiac Arrest dataset. The target variable we
consider is “Exitus’, used to assess survival before hospital arrival

Variable Description and possible values Type
Exitus Outcome of cardiac arrest (0 = Deceased, 1 = Survived) Categorical
sex woman Patient’s sex (0 = Male, 1 = Female) Categorical
Age years Patient’s age in years (positive integers) Numerical
Endotracheal intubation Endotracheal intubation performed (0 = No, 1 = Yes) Categorical
Functional_status Pre-arrest functional status (scale from 0 to 3) Ordinal
Asystole Presence of asystole (0 = No, 1 = Yes) Categorical
Cardiac arrest at home Location of cardiac arrest (0 = Other, 1 = Home) Categorical
Bystander Bystander CPR provided (0 = No, 1 = Yes) Categorical
Time min Time from arrest to EMS arrival (in minutes) Numerical
Cardiogenic Cardiac etiology of arrest (0 = No, 1 = Yes) Categorical

Table 17 Description of the variables used in the Diabete Type One dataset. The target variable we
consider is “perc.body.fat’, used to assess the body fat percentage

Variable Description and possible values Type

age Patient’s age in years Numerical
duration of diabetes Duration of diabetes in years Numerical
body mass index Body Mass Index (BMI) Numerical
TDD Total daily dose of insulin Numerical
basal Basal insulin dose Numerical
bolus Rapid-acting (bolus) insulin dose Numerical
HbA1c Glycated hemoglobin Numerical
eGFR Estimated glomerular filtration rate Numerical
perc body fat Body fat percentage Numerical
adiponectin Serum adiponectin level Numerical
free testosterone Serum free testosterone level Numerical
SMI Skeletal muscle mass index Numerical
grip strength Hand grip strength Numerical
knee extension strength Knee extension strength Numerical
gait speed Walking speed Numerical
ucOC Serum undercarboxylated osteocalcin level Numerical
oC Serum osteocalcin level Numerical
weight kg Body weight in kilograms Numerical
insulin regimen binary Insulin regimen (0 = No insulin, 1 = Insulin) Categorical
sex Oman Twoman Sex (0 = Male, 1 = Female) Categorical

appropriate. We believe our study can have a strong impact on the scientific community:
potentially, anyone about to use a biostatistics univariate test will be able to take advan-
tage of our study guide to make the proper selection. This idoneous choice, in turn, can
help produce more reliable and robust scientific results, increasing the quality of scien-
tific findings in any field. In theory, our study can serve thousands of scientific research-
ers worldwide.

We invite anyone performing a scientific study involving univariate statistical tests
to take into consideration this present guide, and to use it to carefully choose the
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most suitable test for their case. The flowchart listed before (Figs. 1 and 2) should
guide any researcher before making a decision on which univariate statistical test to

employ in a specific scenario-

Limitations Several limitations of the study must be acknowledged. First, the analysis
was restricted to data derived exclusively from electronic health records, thereby exclud-
ing other potentially informative sources. Second, the study focused on only five data-
sets, which constitutes a relatively small sample and may limit the robustness and gener-
alizability of the findings.

Our choice of using 50 as a threshold for the normality testing can also be ques-
tioned. We selected this number based on a traditional choice carried out in the bio-
statistics community [85, 86], but we acknowledge that other values can be utilized
for this purpose as well.

The scope of the study was intentionally narrowed to just four well-known univari-
ate tests: the Student’s ¢-test, the Mann-Whitney U test, the Chi-squared test, and the
Kruskal-Wallis test. This focus excluded other valid approaches that might be suitable
for specific data types or research questions. Furthermore, we did not comnpare the
results of our tests on artificial data and on medical data with any ground truth, to
quantify how much they were right. We did not have this possibility because a real
ground truth for these data does not exist. For the medical data, we found evidence
about the associations between clinical features in the scientific literature, but we
could not state how correct the tests’ p-values were.

Future developments Future research could aim to generalize these results beyond the
medical domain and apply them to datasets not derived from electronic health records.
Expanding the range of tests and software tools considered could also provide a more
comprehensive evaluation framework and offer deeper insights into the practical impli-
cations of test selection in applied research. The present guide is focused on the uni-
variate tests; we envision a future new study on multivariate tests, such as the Hotelling’s
t-squared test [102].

Abbreviations

ALT Alanine aminotransferase

ANOVA Analysis of variance

BMI Body mass index

BRCA Breast cancer gene

CPR Cardiopulmonary resuscitation
COVID-19  Coronavirus disease 2019

DNA Deoxyribonucleic acid

EHRs Electronic health records

FH Familial hypercholesterolemia

FIT Fecal immunochemical test

GCA Gastric cardia adenocarcinoma

GPL-3 GNU General Public License version 3
HER2 Human epidermal growth factor receptor 2
HIE Health information exchange

HPV Human papillomavirus

IDC Invasive ductal carcinoma

IMPC Invasive micropapillary carcinoma
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KW Kruskal-Wallis test

LDL-C Low-density lipoprotein cholesterol

MS Multiple sclerosis

MYCN MYCN Proto-Oncogene, BHLH Transcription Factor
MW Mann-Whitney U test

PACU Post-anesthesia care unit

PHQ-9 Patient health questionnaire-9

PROM Patient-reported outcome measurement
ROC Receiver operating characteristic curve
SL Serum levels

SSls Surgical site infections

TCGA The Cancer Genome Atlas

TMAO Trimethylamine n-oxide

WM Weight management
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