










 

Usage-Based Socio-Conceptual Structure 

Identifying Clusters in MCA 
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Identifying Clusters in MCA 
              

Structure A (Black): 
Cause: Things 

               Behaviour: Complain 
               Control: None 
               Lexeme: annoyed 
 
               Structure B (Red): 
               Cause: Behaviour 
               Behaviour: Social Expression 
               Control: None 
               Lexeme: mad 
 
 
 
 

 
Structure C (Green): 
Cause: Immoral behaviour 
Behaviour: Violent 
Control: Control 
Norm Violation 
Lexeme: angry 
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Hierarchical clustering on the factor map



 

 
 

 
Confirmatory Techniques 

 

	
   	
  



 

 
  
 Loglinear Analysis – Confirming Complex Associations  



 

Multiple Correspondence Analysis  
Epistemic Construal, Lexeme-Construction, Epistemic Type, Engagement 

 
 
  



 

LogLinear Analysis 
Epistemic Construal, Lexeme, Epistemic Type, Topic Engagement 

 
  

            

        Instytut Filologii Angielskiej 
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Lexeme Model, Pearson Residuals 365, 41 df
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 Binary Multiple Fixed-Effects Logistic Regression 
  the hardcore! 
 

 

 

  



 

 

Regression 
Regression analysis is the mainstay of modern statistics 

 

It comes in many forms and can be sued for many different things 

 

- significance of correlations 

- interaction between correlations 

- relative importance of correlations 

- predictive accuracy of the correlations 

 

but also 

- mathematically control for random variables 
 

 

  



 

 

Regression 
 

 

Let’s begin with an artificially simple example 

 

The semantic criteria for choosing a nominal or verbal representation of a concept 

 

When do people use a noun or a verb to refer to the concept hassle 

  



 

Lexical Class, Verb Construction, Event Cause, Event Agent, Humour 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

Binary Logistic Regression: Lexical Class predicted by Event Cause, Event Agent 
Noun vs. Verb, predicted by Cause Type 
Observations  626                - coefficients predict Nouns 
 Nominal      362               + coefficients predict Verbs 
 Verbal       264  
 
Coefficients:            Estimate  Std. Error z value    Pr(>|z|)     
Cause emotion anxiety     -2.7328      0.5841   -4.68    6.85e-06 *** 
Cause emotion pain        -2.3702      0.5655   -4.19    3.87e-05 *** 
Cause impose request       1.3530      0.5356    2.53    0.00875  **  
Cause interrupt           -3.1849      0.5494   -5.80    4.98e-08 *** 
Cause tire                -4.7212      0.3450  -13.68    < 2e-16  *** 
Agent Human Specific       2.9681      0.5645    8.77    0.04278  * 
Agent Human Non Specific   1.8902      0.1280   -2.29    2.08e-06 *** 
Agent Institution          0.3702      0.8734   -5.67    0.008681 ** 
Agent Abstract Thing      -1.3322      0.9862   -1.78    0.007623 ** 
Agent Concrete Thing      -3.0980      0.9248   -1.18    1.23e-02 *** 
Agent SoA                 -2.0030      0.1452   -0.98    0.077133 . 
--- 
Model Likelihood     Discrimination    Rank Discrim.     
   Ratio Test            Indexes          Indexes        
LR chi2     515.42    R2       0.738    C       0.938     
d.f.          5.96    g        2.635    Dxy     0.875     
 
Bootstrapped Statistics 
    index.orig training   test optimism   index.corrected   n 
Dxy      0.875   0.8825 0.8722   0.0103            0.8671 200 
R2       0.738   0.7658 0.7377   0.0281            0.7287 200 
C        0.938                                     0.9210 200 

  



 

Table 3. Coefficients for Multinomial Logistic Regression, predicting Language with Metaphor and Cause 

English Reference Level                       Japanese Reference Level                     Swedish Reference Level 

Coefficients:                  Estimate       Coefficients:                 Estimate       Coefficients: 

JAPANESE : OBEJCT             -3.575573 *** | ENGLISH : OBEJCT              3.575573 *** | ENGLISH  : OBEJCT             -1.018584 *** 

SWEDISH  : OBEJCT              1.018584 *** | SWEDISH : OBEJCT              4.594156 *** | JAPANESE : OBEJCT             -4.594156 *** 

JAPANESE : OPPONENT           -0.784565     | ENGLISH : OPPONENT            0.784565     | ENGLISH  : OPPONENT            0.982367  

SWEDISH  : OPPONENT           -0.982367     | SWEDISH : OPPONENT           -0.197802     | JAPANESE : OPPONENT            0.197802    

JAPANESE : PAIN               -2.613683 *** | ENGLISH : PAIN                2.613683 *** | ENGLISH  : PAIN                1.159592 *   

SWEDISH  : PAIN               -1.159592 *   | SWEDISH : PAIN                1.454092 *   | JAPANESE : PAIN               -1.454092 *  

JAPANESE : Cause-Circumstance  1.081796 *   | ENGLISH : Cause-Circumstance -1.081796 *   | ENGLISH  : Cause-Circumstance  0.082415  

SWEDISH  : Cause-Circumstance -0.082415     | SWEDISH : Cause-Circumstance -1.164211 *   | JAPANESE : Cause-Circumstance  1.164211 *  

JAPANESE : Cause-Event         0.049982     | ENGLISH : Cause-Event        -0.049982     | ENGLISH  : Cause-Event         0.893630 .   

SWEDISH  : Cause-Event        -0.893630 .   | SWEDISH : Cause-Event        -0.943611 *   | JAPANESE : Cause-Event         0.943611 . 

JAPANESE : Cause-Occupation    1.136672 *   | ENGLISH : Cause-Occupation   -1.136672 *   | ENGLISH  : Cause-Occupation   -0.966186 .  

SWEDISH  : Cause-Occupation    0.966186 *   | SWEDISH : Cause-Occupation   -0.170486     | JAPANESE : Cause-Occupation    0.170486    

JAPANESE : Cause-Relationship -1.578717 *   | ENGLISH : Cause-Relationship  1.578717 *   | ENGLISH  : Cause-Relationship  1.828029 *  

SWEDISH  : Cause-Relationship -1.828029 *   | SWEDISH : Cause-Relationship -0.249312     | JAPANESE : Cause-Relationship  0.249312   

JAPANESE : Cause-Unspec.      -2.066845 *** | ENGLISH : Cause-Unspec.       2.066845 *** | ENGLISH  : Cause-Unspec.       1.015264 ** 

SWEDISH  : Cause-Unspec       -1.015264 **  | SWEDISH : Cause-Unspec.       1.051581 **  | JAPANESE : Cause-Unspec.      -1.051581 **  

Concordance statistic:         0.770760       Concordance statistic:        0.844717       Concordance statistic:         0.761168 

--- 

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1  

 

Log-Likelihood: -363.88      Goodness-of-Fit                   Accuracy  Overall: 64.6       Analysis of Deviance Table 

McFadden R^2:     0.247               Chi-Square  df   Sig               English: 59.3                LR Chisq df  Sig             

Cox and Snell:    0.417      Pearson      34.025  28  .200              Japanese: 81.6       Metaphor   136.10  6  < 2.2e-16 ***     

Nagelkerke R^2:   0.470      Deviance     34.179  28  .195               Swedish: 49.6       Cause      163.96 12  < 2.2e-16 *** 

Likelihood ratio test : chisq = 238.14 (p.value = < 2.22e-16) 

Of course we are not restricted to binary outcomes: 
Metaphors of ANXIETY –  American English, British English, Swedish and Japanese 

 
 
 

 

 
 
 
  




