DWDM Tutorial 16 — Classification
Glass Dataset — J48 and JRip, Real Weka Results
All figures below are copied directly from Weka's own Explorer output (10-fold cross-validation).
1. Introduction
The Glass Identification dataset holds 214 forensic glass samples described by 9 chemical attributes, spread across six represented glass types: 70 building-window float glass, 76 building-window non-float glass, 17 vehicle-window float glass, 13 containers, 9 tableware, and 29 headlamps. This section reports what Weka itself produced for J48 and JRip, using its default 10-fold cross-validation, rather than estimated figures.
2. J48 (Decision Tree)
Weka's J48 (confidence factor 0.25, minimum 2 instances per leaf) grew a pruned tree with 30 leaves and a total size of 59 nodes. The very first split is on barium (Ba ≤ 0.27), which makes sense chemically headlamp glass is made with a distinctly higher barium content than every other type, so this one split immediately isolates most headlamps from the rest of the data. The full tree:
Ba <= 0.27
|   Mg <= 2.41
|   |   K <= 0.03
|   |   |   Na <= 13.75: build wind non-float (3.0)
|   |   |   Na > 13.75: tableware (9.0)
|   |   K > 0.03
|   |   |   Na <= 13.49
|   |   |   |   RI <= 1.5241: containers (13.0/1.0)
|   |   |   |   RI > 1.5241: build wind non-float (3.0)
|   |   |   Na > 13.49: build wind non-float (7.0/1.0)
|   Mg > 2.41
|   |   Al <= 1.41
|   |   |   RI <= 1.51707
|   |   |   |   RI <= 1.51596: build wind float (3.0)
|   |   |   |   RI > 1.51596
|   |   |   |   |   Fe <= 0.12
|   |   |   |   |   |   Mg <= 3.54: vehic wind float (5.0)
|   |   |   |   |   |   Mg > 3.54
|   |   |   |   |   |   |   RI <= 1.51667: build wind non-float (2.0)
|   |   |   |   |   |   |   RI > 1.51667: vehic wind float (2.0)
|   |   |   |   |   Fe > 0.12: build wind non-float (2.0)
|   |   |   RI > 1.51707
|   |   |   |   K <= 0.23
|   |   |   |   |   Mg <= 3.34: build wind non-float (2.0)
|   |   |   |   |   Mg > 3.34
|   |   |   |   |   |   Si <= 72.64
|   |   |   |   |   |   |   Na <= 14.01: build wind float (14.0)
|   |   |   |   |   |   |   Na > 14.01
|   |   |   |   |   |   |   |   RI <= 1.52211
|   |   |   |   |   |   |   |   |   Na <= 14.32: vehic wind float (3.0)
|   |   |   |   |   |   |   |   |   Na > 14.32: build wind float (2.0)
|   |   |   |   |   |   |   |   RI > 1.52211: build wind float (3.0)
|   |   |   |   |   |   Si > 72.64: vehic wind float (3.0)
|   |   |   |   K > 0.23
|   |   |   |   |   Mg <= 3.75
|   |   |   |   |   |   Fe <= 0.14
|   |   |   |   |   |   |   RI <= 1.52043: build wind float (36.0)
|   |   |   |   |   |   |   RI > 1.52043: build wind non-float (2.0/1.0)
|   |   |   |   |   |   Fe > 0.14
|   |   |   |   |   |   |   Al <= 1.17: build wind non-float (5.0)
|   |   |   |   |   |   |   Al > 1.17: build wind float (6.0/1.0)
|   |   |   |   |   Mg > 3.75: build wind non-float (10.0)
|   |   Al > 1.41
|   |   |   Si <= 72.49
|   |   |   |   Ca <= 8.28: build wind non-float (6.0)
|   |   |   |   Ca > 8.28: vehic wind float (5.0/1.0)
|   |   |   Si > 72.49
|   |   |   |   RI <= 1.51732
|   |   |   |   |   Fe <= 0.22: build wind non-float (30.0/1.0)
|   |   |   |   |   Fe > 0.22
|   |   |   |   |   |   RI <= 1.51629: build wind float (2.0)
|   |   |   |   |   |   RI > 1.51629: build wind non-float (2.0)
|   |   |   |   RI > 1.51732
|   |   |   |   |   RI <= 1.51789: build wind float (3.0)
|   |   |   |   |   RI > 1.51789: build wind non-float (2.0)
Ba > 0.27
|   Si <= 70.16: build wind non-float (2.0/1.0)
|   Si > 70.16: headlamps (27.0/1.0)

When this same tree is evaluated on the data it was trained on, it looks almost perfect: 206 of 214 instances correct (96.26%), Kappa = 0.9492. That number is misleading, though it only shows how well the tree memorised the training data, not how it would perform on new samples. Its training-data confusion matrix shows almost no errors at all:
  a  b  c  d  e  f  g   <-- classified as
 68  1  0  0  0  0  1 |  a = build wind float
  1 74  1  0  0  0  0 |  b = build wind non-float
  0  0 17  0  0  0  0 |  c = vehic wind float
  0  0  0  0  0  0  0 |  d = vehic wind non-float
  0  1  0  0 12  0  0 |  e = containers
  0  0  0  0  0  9  0 |  f = tableware
  0  2  0  0  1  0 26 |  g = headlamps

The trustworthy figure is the 10-fold cross-validation result, where the tree is tested on data it never saw during training: 143 of 214 correct, 66.82% accuracy, Kappa = 0.55. The gap between 96.26% and 66.82% is a clear sign of overfitting the tree fits the training data far more closely than it generalises.
Confusion matrix (10-fold cross-validation; a = build wind float, b = build wind non-float, c = vehic wind float, d = vehic wind non-float, e = containers, f = tableware, g = headlamps):
  a  b  c  d  e  f  g   <-- classified as
 50 15  3  0  0  1  1 |  a = build wind float
 16 47  6  0  2  3  2 |  b = build wind non-float
  5  5  6  0  0  1  0 |  c = vehic wind float
  0  0  0  0  0  0  0 |  d = vehic wind non-float
  0  2  0  0 10  0  1 |  e = containers
  1  1  0  0  0  7  0 |  f = tableware
  3  2  0  0  0  1 23 |  g = headlamps

Most of the errors are building-float glass being confused with building-non-float glass and vice-versa (15 and 16 misclassifications respectively) the two are chemically close. Vehicle-float glass is identified correctly only 6 times out of 17 (recall 0.353), the weakest result of any class.
3. JRip (Rule Learner)
JRip produced a compact rule set of only 8 rules (compared to J48's 59-node tree):
1. (K ≤ 0) and (Al ≤ 1.74) and (RI ≤ 1.51969) → tableware (9.0/1.0)
1. (Mg ≤ 2.68) and (Na ≤ 13.38) and (RI ≤ 1.52171) → containers (12.0/1.0)
1. (Si ≤ 72.77) and (RI ≤ 1.51776) and (Ca ≥ 8.32) → vehic wind float (13.0/5.0)
1. (Ba ≥ 0.4) → headlamps (28.0/3.0)
1. (RI ≥ 1.52247) and (Ca ≤ 9.76) → headlamps (2.0/0.0)
1. (Al ≤ 1.41) and (RI ≤ 1.51808) and (RI ≥ 1.5172) → build wind float (37.0/4.0)
1. (RI ≥ 1.51869) and (Mg ≥ 3.33) and (Si ≤ 72.36) → build wind float (26.0/3.0)
1. default (no rule matched) → build wind non-float (87.0/17.0)
Evaluated on the training data, JRip scores 180 of 214 correct (84.11%), Kappa = 0.7825 high, but noticeably less inflated than J48's 96.26%, since a simple 8-rule set has far less room to memorise individual training examples than a 59-node tree. Its training-data confusion matrix:
  a  b  c  d  e  f  g   <-- classified as
 56 10  3  0  0  0  1 |  a = build wind float
  3 70  1  0  0  1  1 |  b = build wind non-float
  4  5  8  0  0  0  0 |  c = vehic wind float
  0  0  0  0  0  0  0 |  d = vehic wind non-float
  0  1  0  0 11  0  1 |  e = containers
  0  1  0  0  0  8  0 |  f = tableware
  0  0  1  0  1  0 27 |  g = headlamps

Under the fair 10-fold cross-validation test, JRip gets 147 of 214 correct 68.69% accuracy, Kappa = 0.5691. That is slightly higher than J48's 66.82%.
Confusion matrix (10-fold cross-validation, same class key as above):
  a  b  c  d  e  f  g   <-- classified as
 47 18  2  0  0  1  2 |  a = build wind float
 10 58  3  0  3  1  1 |  b = build wind non-float
  8  6  2  0  0  1  0 |  c = vehic wind float
  0  0  0  0  0  0  0 |  d = vehic wind non-float
  0  2  0  0 10  0  1 |  e = containers
  0  1  0  0  1  7  0 |  f = tableware
  0  4  1  0  1  0 23 |  g = headlamps

The pattern is like J48: building-float and building-non-float are the most confused pair, and vehicle-float glass is again the weakest class, correctly identified only 2 times out of 17 (recall 0.118) even worse than J48's result for that class.
4. J48 vs JRip — Which Is More Accurate?
On Weka's real, held-out 10-fold cross-validation the fair test, since it evaluates each fold on data the model never trained on JRip is marginally more accurate than J48: 68.69% versus 66.82%, and its Kappa statistic is also slightly higher (0.569 vs 0.55). The difference is modest, but it consistently favours the simpler rule-based model over the more complex tree on this dataset.
The overfitting gap tells a similar story. J48's accuracy drops from 96.26% (training data) to 66.82% (cross-validation) a fall of about 29 points. JRip's drop is smaller, from 84.11% to 68.69% about 15 points. The tree fits the training data almost perfectly but loses more of that advantage on unseen data, while the rule set generalises more consistently even though it fits the training data less tightly.
Both algorithms share the same weak point: vehicle-float glass. It is the smallest float-processed class (17 instances) and chemically close to the much larger building-float class (70 instances), so both models repeatedly confuse the two. This is consistent with the class-imbalance pattern seen throughout the wider analysis of this dataset.
5. Still Needed for the Full Comparison
Tutorial questions 3 (comparing a wide range of algorithms) and 4 (float vs. non-float vs. all glass types) need the same kind of real Weka output for a few more algorithms for example IBk, NaiveBayes, SMO and RandomForest  and for a version of the dataset with Type collapsed into a binary float/non-float attribute. Once those Explorer results are pasted in the same way, this report can be extended with the same authentic figures rather than estimates.
