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The Data Mine

BACKGROUND & MOTIVATION KEY FIGURES CONCLUSIONS

Player Swing Clusters (PCA Projection) - k=3

* Odyssey Golf (Callaway) has been the #1 putter on tour for 25
consecutive years. Despite this, putters are rarely custom-fit

* This project uses sensor data from 33 players and 5,000+ putts across
15 putter heads to 1dentify which design specs most influence stroke
mechanics and fitting outcomes.

* We analyzed the data given from the sensors to make insights about
certain trends and tendencies we saw some different types of putters
and player strokes

Fig 1. On-course putter testing (left) and putter head design variations across CG, toe hang, and offset (right)

METHODOLOGY

 Sensors: Blast Motion (tempo, backstroke rotation) + Quad (club path,
face angle) — 18-foot putts

 Tools: Python - pandas - numpy - matplotlib

« K-Means (k=3) clustered players by backstroke rotation, club path, face
angle, tempo

» Mixed Linear Models per cluster tested toe hang, offset, CGx, head
mass, Izz vs. face angle

Initial Research & Create Hypotheses to
Data Gathering Test
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Principal Component 1

Fig 3. Player Swing Clusters (PCA, k=3) — 3 stroke types identify negative-path/slow (0), high-rotation (1), positive-path/fast (2)
STRATEGIC CLUSTER PROFILES (MEAN VALUES)
[ T T T T T 1
| Cluster | Backstroke.Rotation l Club.Path.quad | Face.Angle.Impact | Tempo | Swing_Count |
i % % i % % !
| ) | 5.96 | -1.54 | 0.17 | 1.84 | 42.22 |
| | I | l | |
| | l I T I |
| 1 | 8.89 | 1.49 | 0.63 | 1.94 | 43 .40 |
| i ; % % i |
| 2 | 4.52 | 1.86 | -9.20 | 2.07 | 44.15 |
| | | | | | |

Table 1. Mean stroke metric values per cluster — showing distinct mechanical profiles across groups

Player Shift (C - A): Closing Rate Player Shift (C - A): Club Path Player Shift (C - A): Tempo
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Fig 4. Player shift (Closed - Address) per player for Closing Rate, Club Path, and Tempo — red = decreased, blue = increased

Effect of Offset (Face Progression) on Face Angle at Impact

Effect of Toe.Hang on Face.Angle.Impact by Cluster .
w— Fit (r=-0.07)
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Fig 5. Toe hang vs. face angle by cluster significant for Clusters 0 & 1

Fig 6. strongest effect for arc-path players (Cluster 0)

Pearson Correlation Coefficient (r)

*Toe Hang Effect: Higher toe hang closes the face angle at impact,
especially for arc-path and moderate-arc stroke players.

*Offset Effect: Increased offset closes the face more at impact, with the
strongest effect seen 1n arc-path players.

*Player-Driven Variance: Most face angle variation comes from the
player's stroke, not equipment—i{itting must match individual stroke types.
*Head Mass x Tempo Interaction: Heavier putter heads stabilize face
angle for slow-tempo players, significantly reducing their impact
Inconsistency.

*Key Takeaway: Equipment adjustments work best when matched to
stroke characteristics—stroke type and tempo drive fitting effectiveness
more than generic changes.

Strength of Correlation by Cluster
(Tall bars = Strong, * = Significant)

Total Variance in Face.Angle.Impact by Rotation Range
(Red Line = Total Dataset Variance)
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Fig 7. Correlation strength of toe hang by cluster Fig 8. Face angle variance by rotation range

ANALYSIS RESULTS FUTURE GOALS

* Test 3 experimental putters varying only offset (fixed toe hang + CG) to
1solate causal effect

» Validate cluster-based recommendations on a new unseen player cohort

* Build an automated stroke-type classifier (decision tree / SVM) for real-
time fitting at point of sale

* Extend model to include distance variability and green conditions
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Fig 9. Stroke metric distributions across 3 clusters — confirming clear mechanical separation
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