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Hosmer and Lemeshow test (goodness of fit)

Bland–Altman plot

Receiver Operating Characteristic (ROC) Curve 
Analysis

內容大綱
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對logistic迴歸模型擬合優度的檢定方法

⚫根據預測機率值將資料分成大致相同規模的10個組

⚫將觀測資料按其預測機率做升序排列

 第一組機率最小

 最後一組估計機率最大

Hosmer and Lemeshow test
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類似於Pearson Chi-Square統計量的指標

⚫可從觀測頻數和預測頻數構成的2*G交互表中求得

⚫ HL指標與Chi-Square分佈相比較

 p > 0.05 (Acceptable Calibration)

Hosmer and Lemeshow test
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Analyze → Regression → Binary Logistic

Hosmer and Lemeshow test (SPSS)
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練習範例：ROC ex.sav
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Analyze → Regression → Binary Logistic

Hosmer and Lemeshow test (SPSS)
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練習範例：ROC ex.sav
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Analyze → Regression → Binary Logistic

Hosmer and Lemeshow test (SPSS)

p > 0.05
Acceptable 
calibration 

練習範例：ROC ex.sav
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Scatter plot

Bar chart

Line chart

Hosmer and Lemeshow test (SPSS & Excel)
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The agreement between two quantitative methods of 
measurement

⚫ correlation coefficient (r) 

 the relationship between one variable and another

 not the differences (not recommended)

⚫ Bland–Altman plot

 In 1983 Altman and Bland (B&A) proposed

 Mean difference and constructing limits of agreement

Bland–Altman plot

Biochemia Medica 2015;25(2):141–51. Understanding Bland Altman analysis. Davide Giavarina
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Scatter plot

⚫ Y axis 

 The difference between the two paired measurements (A-B) 

 Normally distributed (Gaussian) - 95% of differences d ± 1.96s

⚫ not normally distributed - logarithmic transformation

⚫ X axis

 The average of these measures ((A+B)/2)

Bland–Altman plot

Biochemia Medica 2015;25(2):141–51. Understanding Bland Altman analysis. Davide Giavarina
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Bland–Altman plot

Biochemia Medica 2015;25(2):141–51. Understanding Bland Altman analysis. Davide Giavarina



12

Graphs → Legacy Dialogs → Scatter/Dot

Bland–Altman plot (SPSS)

Biochemia Medica 2015;25(2):141–51. Understanding Bland Altman analysis. Davide Giavarina
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Bland–Altman plot (SPSS)

Biochemia Medica 2015;25(2):141–51. Understanding Bland Altman analysis. Davide Giavarina
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Analyze → Compare Means → One-Sample T test

Bland–Altman plot (SPSS)

Biochemia Medica 2015;25(2):141–51. Understanding Bland Altman analysis. Davide Giavarina
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Statistics  →Method comparison & evaluation →
Bland–Altman plot

Bland–Altman plot (MedCalc)

Biochemia Medica 2015;25(2):141–51. Understanding Bland Altman analysis. Davide Giavarina
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Statistics  →Method comparison & evaluation →
Bland–Altman plot

Bland–Altman plot (MedCalc)

Biochemia Medica 2015;25(2):141–51. Understanding Bland Altman analysis. Davide Giavarina
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陰性/沒病

陽性/有病

敏感度
(Sensitivity)

特異度
(Specificity)

偽陽性
(False positive, FP)

偽陰性
(False negative, FN)

嚴格
敏感度 (Sensitivity)下降
特異度 (Specificity)上升

寬鬆
敏感度 (Sensitivity) 上升
特異度 (Specificity) 下降
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Gold Standard Test
(True class)

Disease
(Positive)

Non-
disease

(Negative)

Screen 
Test

(Hypothesized 
Class)

Positive
(Yes)

a
(True

Positive)

b 
(False

Positive)
a + b

Negative
(No)

c
(False

Negative)

d
(True

Negative)
c + d

a + c b + d a + b + 
c + d

• Sensitivity (敏感度) = a / (a + c)

• Specificity (特異度) = d / (b + d) 

• Positive predictive value, PPV  = a / (a + b)

• Negative predictive value, NPV = d / (c + d) 

• Accuracy (精確度) = (a + d) / (a + b + c + d)

• False positive, FP (偽陽性) = b / (a + b)

• False negative, FN (偽陰性) = c / (c + d)
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•Likelihood ratio positive, LR+ = Sensitivity / (1 – Specificity)

•Likelihood ratio negative, LR- = (1 – Sensitivity) / Specificity

臨床意義

LR Interpretation 

>10 Strong evidence

to rule in disease5-10 Moderate evidence

2-5 Weak evidence

0.5-2.0 No signification change in the likelihood of disease 

0.2-0.5 Weak evidence

to rule out disease0.1-0.2 Moderate evidence

< 0.1 Strong evidence
Source: Sackett, Richardson, Rosenberg, Haynes. Evidence-Based Medicine: How to Practice and Teach EBM.  Churchill Livingstone, London, 1997.



Diagnostic test20

• Positive predictive value, PPV  = a / (a + b)

• Negative predictive value, NPV = d / (c + d) 

Gold Standard Test

Disease
Non-

disease

Screen 
Test

+ a b a + b

- c d c + d

a + c b + d
a + b + 
c + d

True  positive  =  all cases (a + c)    * sensitivity
False positive  =  all health (b + d) * (1 – specificity)

All cases   =  total (a + b + c + d) *  prevalence
All health =  total (a + b + c + d) *  (1 – prevalence)

NPV = 
true negative

all negative
= 

true negative

true negative+false negative

PPV = 
true positive

all positive
= 

true positive

true positive +false positive

PPV =  (total ∗ prevalence)∗ sensitivity
(total ∗ prevalence)∗ sensitivity + (total ∗ (1 – prevalence) ∗ (1 – specificity))

=  
𝐩𝐫𝐞𝐯𝐚𝐥𝐞𝐧𝐜𝐞 ∗ sensitivity

(𝐩𝐫𝐞𝐯𝐚𝐥𝐞𝐧𝐜𝐞 ∗ sensitivity) +(1 – 𝐩𝐫𝐞𝐯𝐚𝐥𝐞𝐧𝐜𝐞) ∗ (1 – specificity)

NPV =  
1 –𝐩𝐫𝐞𝐯𝐚𝐥𝐞𝐧𝐜𝐞 ∗specificity

(1 – 𝐩𝐫𝐞𝐯𝐚𝐥𝐞𝐧𝐜𝐞) ∗ specificity + 𝐩𝐫𝐞𝐯𝐚𝐥𝐞𝐧𝐜𝐞 ∗ (1 − sensitivity)

• Prevalence 
• PPV    NPV

• Prevalence 
• PPV NPV 
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使用時機

⚫當開發新的檢驗方法，無法決定臨界值 (Cut-off value)

⚫利用連續數值預測結果 (二元分類)

目的

⚫將連續數值決定臨界值

⚫用來比較不同工具的好壞

ROC Curve Analysis



ROC Curve Analysis22

Ref: https://reurl.cc/288Xr9

AUC Discrimination

0.5 No discrimination 

0.7-0.8 Acceptable discrimination 

0.8-0.9 Excellent discrimination

0.9-1.0 Outstanding discrimination 



23

Cut-point

ROC Curve Analysis

病人
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Youden’s index

⚫反映在有疾病和沒有疾病的陽性結果可能機率

⚫公式
 Sensitivity + Specificity - 1

 Sensitivity - False positive

⚫ Range 0-1

⚫不受盛行率影響

⚫ Maximum
 Cut-point

ROC Curve Analysis
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樣本量-分析結果推論的精確度

⚫假設：AUC = 0.8 、 α = 0.05、 β = 0.2

⚫ Medcalc計算樣本數

 Sampling → Area under ROC curve

⚫ Type I error (Alpha, Significance) = 0.05

⚫ Type II error (Beta, 1-Power) = 0.20

⚫ Area under ROC curve = 0.80

⚫ Ratio of sample sizes in negative/positive groups = 1

ROC Curve Analysis
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MedCalc計算樣本數

⚫ Sample size → Area under ROC curve

ROC Curve Analysis

1

2
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Statistics → ROC curves → ROC Curve Analysis

ROC Curve Analysis (MedCalc)

1

2 3



28

Statistics → ROC curves → ROC Curve Analysis

ROC Curve Analysis (MedCalc)

4
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Statistics → ROC curves → ROC Curve Analysis

ROC Curve Analysis (MedCalc)
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Statistics → ROC curves → ROC Curve Analysis

ROC Curve Analysis (MedCalc)
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Statistics → ROC curves → ROC Curve Analysis

ROC Curve Analysis (MedCalc)
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Statistics → ROC curves → Comparison of ROC Curves

ROC Curve Analysis (MedCalc)
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Statistics → ROC curves → Comparison of ROC Curves

ROC Curve Analysis (MedCalc)
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Analyze → ROC curve

ROC Curve Analysis (SPSS)
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練習範例：ROC ex.sav
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ROC Curve Analysis (SPSS)

AUC = 0.73 
(0.59-0.87)

Acceptable discrimination 

練習範例：ROC ex.sav
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Cut-point

⚫ Youden’s index (Maximum)

 Sensitivity + Specificity - 1

ROC Curve Analysis (SPSS & Excel)
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Reference

Nutrients 2019, 11, 645; Optimal Time and Target for Evaluating Energy Delivery after Adjuvant Feeding with Small 
Bowel Enteral Nutrition in Critically Ill Patients at High Nutrition Risk
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Reference

Korean J Radiol. 2022 Aug;23(8):811-820. Feasibility of a Clinical-Radiomics Model to Predict the Outcomes of Acute Ischemic Stroke. Yiran Zhou, Di Wu, Su Yan, Yan Xie, Shun Zhang , Wenzhi Lv, 
Yuanyuan Qin, Yufei Liu, Chengxia Liu, Jun Lu, Jia Li, Hongquan Zhu, Weiyin Vivian Liu, Huan Liu, Guiling Zhang, Wenzhen Zhu

The predictive performance of the radiomics, clinical, and clinical-radiomics models was evaluated 
using receiver operating characteristic (ROC) curves. The area under the ROC curve (AUC) and 
balanced sensitivity and specificity at the cutoff yielding the largest Youden index value were 
calculated. The performance of the three models was tested in the training and validation cohorts. 
The Delong test was used to compare the AUC between the models.
The calibration curve and Hosmer–Lemeshow test were used to assess the calibration performance 
of the clinicalradiomics nomogram.



39

問卷調查生統小組
統計方法教育訓練


