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X̄ − Ȳ − δ0√

∥X − X̄∥2 + ∥Y − Ȳ∥2

T
H0∼ StudentT(n + m − 2)

Y1, . . . , Ym ∼ N (µ + δ, σ2)
alle paarweise
unabhängig

H0 : δ = δ0, H1 : δ ̸= δ0 [hier δ0 = 0]

tobs =

√
nm(n + m − 2)

n + m
x̄ − ȳ − δ0√
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T
H0∼ StudentT(n + m − 2)

Y1, . . . , Ym ∼ N (µ + δ, σ2)
alle paarweise
unabhängig

H0 : δ = δ0, H1 : δ ̸= δ0 [hier δ0 = 0]

tobs =

√
nm(n + m − 2)

n + m
x̄ − ȳ − δ0√
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Softwareimport numpy as np
import statsmodels.stats.api as sms

g1 = [20, 22, 24, 20, 22, 18, 19]
g2 = [25, 23, 20, 19, 22, 24, 22]

avg1 = np.mean(g1)
avg2 = np.mean(g2)

# descriptive statistics
print("g1 has mean {:.3f}".format(avg1)) g1 has mean 20.714
print("g2 has mean {:.3f}".format(avg2)) g2 has mean 22.143
print("difference {:.3f}".format(avg2 - avg1)) difference 1.429

cm = sms.CompareMeans.from_data(g2, g1)

print(cm.summary())
Test for equality of means

==============================================================================
coef std err t P>|t| [0.025 0.975]

------------------------------------------------------------------------------
subset #1 1.4286 1.116 1.280 0.225 -1.002 3.860
==============================================================================
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p-value 22.5% > 5% → H0 nicht ablehnen :(
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■ Es existieren nicht-parametrische Tests die keine Voraussetzung an die
Verteilung machen (aber höherer Typ-2-Fehler (i.e. weniger Power)!)
z.B. Wilcoxon–Mann–Whitney test + Hodges–Lehmann estimate zur Abschätzung der
Differenz des Medians von X vs Y unter einem location shift model

■ Simuliert eure Tests mit RNGs!

■ Textbeispiel zum Reporting in Papers:
We compared the runtime distributions of Algorithm A (nA = 50) and Algorithm B (nB = 50)
across randomly generated problem instances. Median runtimes were 12.3s (IQR: 9.1–18.7) for
Algorithm A and 15.8s (IQR: 11.4–22.3) for Algorithm B. A Wilcoxon–Mann–Whitney U test
confirmed that this difference is statistically significant (U = 847, p = 0.003, two-sided). Under
a location shift model, the Hodges–Lehmann estimator yields an estimated median difference of
∆̂ = 3.2s (95% CI: 1.4–5.1) in favor of Algorithm A.
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alles wird besser mit

Bayesian Statistics
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K = 3
with pm.Model() as mixture_model:

# 1. Mixing weights
w = pm.Dirichlet("w", a=np.ones(K), shape=K)

# 2. Gamma Means (mu)
mu = pm.LogNormal("mu",

mu=np.log(100), sigma=2.0, shape=K,
transform=pm.distributions.transforms.ordered,
initval=np.log([50, 100, 200])

)

# 3. Scale (sigma)
sigma = pm.HalfNormal("sigma", sigma=200, shape=K)

# 4. Gamma Mixture
y_obs = pm.Mixture("y_obs",

w=w,
comp_dists=pm.Gamma.dist(mu=mu, sigma=sigma),
observed=y,

)

trace = pm.sample()

Safari: Traffic klassifizieren mittels Mixture Model
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mu = pm.LogNormal("mu",

mu=np.log(100), sigma=2.0, shape=K,
transform=pm.distributions.transforms.ordered,
initval=np.log([50, 100, 200])

)

# 3. Scale (sigma)
sigma = pm.HalfNormal("sigma", sigma=200, shape=K)

# 4. Gamma Mixture
y_obs = pm.Mixture("y_obs",

w=w,
comp_dists=pm.Gamma.dist(mu=mu, sigma=sigma),
observed=y,

)

trace = pm.sample()
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K = 3
with pm.Model() as mixture_model:

# 1. Mixing weights
w = pm.Dirichlet("w", a=np.ones(K), shape=K)

# 2. Gamma Means (mu)
mu = pm.LogNormal("mu",

mu=np.log(100), sigma=2.0, shape=K,
transform=pm.distributions.transforms.ordered,
initval=np.log([50, 100, 200])

)

# 3. Scale (sigma)
sigma = pm.HalfNormal("sigma", sigma=200, shape=K)

# 4. Gamma Mixture
y_obs = pm.Mixture("y_obs",

w=w,
comp_dists=pm.Gamma.dist(mu=mu, sigma=sigma),
observed=y,

)

trace = pm.sample()
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B. Individual Posterior Fits vs. Class-Specific Data
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Zum Weiterlesen/-schauen


