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[Abstract]

With the rapid growth of open-source software platforms, research utilizing developer activity data has increased substantially.
However, most existing studies rely on the simple aggregation of commits or issues and evaluate developer productivity solely
from a quantitative perspective. To address this limitation, this paper proposes 21 granular metrics, categorized into four
dimensions, to measure software development processes and collaborative contexts in a multidimensional manner. Using ensemble
learning, we identified key variables by proficiency level and applied the Composite Reliability Index to determine optimal
temporal resolutions for six core time-series metrics. As a result, the classification model achieved 92.4% accuracy in predicting
five activity-based proficiency tiers. The context-centered framework proposed in this study is expected to provide a robust
empirical foundation for advanced competency diagnosis and personalized recommendation systems.
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Table 1. Stratified sampling categories based on developer
contributions

category range counts
Very_Low 0~ 249 1000
Low 250 ~ 499 1000
Medium 500 ~ 749 1000
High 750 ~ 999 1000
Very_High 1000 ~ 1000
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Fig. 1. Classification and activity distribution of five developer
tiers based on total annual activity
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Table 2. Scope of data collection and key attributes

Name Scope & Definition
Unrestricted PushEvent logs across all
Commits branches without numerical limits. Captures
(Activity) comprehensive development persistence

beyond standard API constraints.

Full lifecycle data (creation to merge) including
review interactions. Quantifies collaboration
intensity and code acceptance rates using

precise timestamps.

Pull Requests
(Collaboration)

Complete event logs covering both reporter and

Issues ; ;
solver roles. Enables precise calculation of
(Problem X ) ! oo
; resolution cycle times with full historical
Solving)

context.

Count of all unigue repositories contributed to.
Measures the breadth of technical engagement
across different projects.

Repositories
(Context)

3-2EA 2S AR

B Ere

LIS W

71 AT FAIE Resr) Yd = 217019
M} &5 ARE AR Hag owm 4 1 )
o] H[6],[16]
Ax[18], &

117], 9 2
EERUT L

[13

http://dx.doi.org/10.9728/dcs.2026.27.2.545

L\
S3tvs 2
0.758), (b) Stratlfled Vs orlglnal dlstrlbutlon, (c) Feature importance

548

-
o

[ Stratified (Ours) ,O/
=3 Original (Est.) 14 4 (0] i
e///
o 12 e
2 e | @
& 104 L Pid
g WV}EWQ;//
g 2 #
a @ ’
£ L
~ 6 /, @
5 praergedg)
44
ity burstmessd
pene
2] :an authoPed
,o — = Perfect Agreement
0 T T T T T T T
H VH 0 2 4 6 8 10 12 14 16
o 7: |: A o —

[14]0]2h= 3545 35 Atk 53] [18]2 /A7) 9
25 Arbgdo] v SHgao] opd Zje] Ayt g&4dol
BSE Ao, 7E A FEL o3 AAF a4~
TS 0] wkdEhA] Hakal Qi) o]l ¥ =i v
I 22 39 A A AR (D) 7% S5% SAS Sl
713 AT7[6],[81914 AEHE 10719 B4 AFS A4k
ok (2) SW /Y 584 2 Y s AZst sh7] 93l 5
7H4 M AEE F7FIIh (3) 54 99 178([14],[17]

w9 R kg st 671 $4 A
4«] OPOﬂE‘r 3 S 217H X] 47}x] 7}51]J_a 2 5

%_]'%(Code Act1V1ty) o 7H‘?al %%.4 7)% TFRel x4
=A% AN S (commit_authored) S 53+ %4 H7loh
gEo], AW HAH EAE FE A B A
(self_bugfix_count) Y1=& 2FEste] Z= A HS oS
gpetstc}, A A8l AAID(commit_ts)& /N 52 A&
d ARE FHoR A EA4, @“(Collaboratlon)% 9
T AR B8 8 U] Asrgo] Anl 8L
PR A4 (pr_opened)™} B3¥Hpr_merged) W%, 2?4
25 3 G (pr_reviewed) & §3l Y HAEE =
t}. PR §~8-E(pr_acceptance_rate)< &2 tH] I=
|eE Aglelr, Wit ¥ AXHave_pr_merge_time)>
2N~ G848 etk 53] gR 7)o HlE
(review_contribution_ratio)< 7]& d7-llA A4d 3
Weto] BAE Beate][13], /N 71 S4 AdRtel HY
AFA 71 ARE e H R E8-ETh 370 AAIE A
Y¥(pr_opened_ts, pr_merged_ts, review_ts)« @¢ ¥
o] AFHH Wsls A3l AR, A 312 (Problem
Solving)& ©]47 A4 (issue_opened)?} EH(issue_closed)
AFE F8 A A A S s 545k olare] 2
o] IAbo]F& FAIste] IS QH‘ TS Frlsit). o4 @
ZAE(issue_resolution_rate)> A |49 kA4S e}
e, "t ol F7](avg_issue_cycle_time)E= ol4r #7]
o] ZRAA 854S SH3ITL



3. 200 o 22 X2 2R ¥ He

Table 3. Classification and definition of 21 multi-modal metrics

Category Metric Name Type Computation Method Ref.
commit_authored | Scalar | Count of all PushEvent occurrences for the developer over the observation period. | [6][16]
1. Code self_bugfix_count | Scalar Count of PushEvents where the first commit message matches the regex pattern (8]
Activity —oughix- combining action keywords and object keywords within 30 characters.
(Development) ) Time— Daily count of PushEvents aggregated for each day in the observation period,
commit_ts ) h [15]
Series producing a 365—element vector.
pr_opened Scalar Count of PullRequestEvents where the action field equals 'opened'. [6]
pr_merged Scalar Count of PullRequestEvents where the merged field equals true. (6]
pr_reviewed Scalar Count of all PullRequestReviewEvent occurrences for the developer. [7]
pr_actizgance_ Ratio Ratio of pr_merged to pr_opened. Returns O if pr_opened equals 0. [18]
avg_pr_merge_ Mean of time differences between merged_at and created_at timestamps for all
; Scalar . [16]
2. time merged PRs, measured in days.
C?ga\tjio:,?tgn review_ Ratio of collaborative activities (reviews + comments) to total activities (commits +
’\j e ) contribution_ Ratio | PRs opened + issues opened + reviews + comments). A small constant (e=107°) is [13]
erge ratio added to prevent division by zero.
pr_opened_ts Qg;g; Daily count of PullRequestEvents with action 'opened', aggregated for each day. [15]
pr_merged_ts ggr]iz; Daily count of PullRequestEvents with merged=true, aggregated for each day. [15]
review_ts ggr]igg Daily count of PullRequestReviewEvents, aggregated for each day. [15]
issue_opened Scalar Count of IssuesEvents where the action field equals 'opened'. [3][6]
issue_closed Scalar Count of IssuesEvents where the action field equals 'closed'. [3][6]
Issue_resolution_ Ratio Ratio of issue_closed to issue_opened. Returns 0 if issue_opened equals 0. [18]
3. Problem rate
Solving avg_issue_cycle_ Scalar Mean of time differences between closed_at and created_at timestamps for all [16]
“SSL}B time closed issues, measured in days.
Tracking) T
issue_opened_ts Slgr]i?es Daily count of IssuesEvents with action 'opened', aggregated for each day. [15]
issue_closed_ts gg;@; Daily count of IssuesEvents with action 'closed', aggregated for each day. [15]
activit Coefficient of Variation (CV) of daily activity counts, calculated as the standard
burstiné/;s Index deviation divided by the mean. Higher values indicate irregular (bursty) work [15]
4. Work Style patterns.
& Con?ext weekend_activity ) Ratio of total activities on weekends (Saturday and Sunday) to total activities across
(Behavioral - Ratio (18]
. _ratio all days.
Profile)
unlque(_:;eu%(isnory Scalar Count of distinct repository IDs across all events for the developer. [6]
2702 AJAE A E(issue_opened_ts, issue_closed_ts)+= 3-32AM U=
A S o) AP BT 5498 RART WA, A9
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Category Metric Name Mean Median Std Min Max Skewness
- commit_authored 1,248.22 372 38,252.83 0 2,659,937 67.55
1. Code Activity -
self_bugfix_count 58.84 19 173 0 9,505 34.34
pr_opened 50.08 10 203.19 0 11,056 39.4
pr_merged 54.83 6 164.73 0 6,653 17.89
pr_reviewed 67.31 0 192.76 0 3,611 6.81
2. Collaboration
pr_acceptance_rate 1.78 0.58 18.06 0 714 30.13
avg_pr_merge_time 5.39 0 38.17 0 1,635 24.29
review_contribution_ratio 0.13 0.02 0.2 0 1 1.68
issue_opened 17.79 0 109.2 0 5,803 34.94
) issue_closed 20.36 0 112.97 0 5,775 31.29
3. Problem Solving
issue_resolution_rate 1.47 0 10.69 0 448 23.38
avg_issue_cycle_time 4414 0.01 138.53 0 2,957 8.39
activity_burstiness 4.28 2.68 3.93 0.07 19.13 2.04
4. Work Style & Context weekend_activity_ratio 0.21 0.2 0.18 0 1 1.23
unique_repository_count 53.38 19 985.8 1 69,496 69.94
commit_authored commit_authored
activity_burstiness activity_burstiness
self_bugfix_count self_bugfix_count
pr_opened pr_opened
pr_merged pr_merged
pr_reviewed pr_reviewed
issue_closed issue_closed
unique_repository_count unique_repository_count
avg_pr_merge_time avg_pr_merge_time
avg_issue_cycle_time avg_issue_cycle_time
issue_opened issue_opened
issue_resolution_rate issue_resolution_rate
review_contribution_ratio review_contribution_ratio
pr_acceptance_rate pr_acceptance_rate
weekend_activity_ratio weekend_activity_ratio E
—= p=0.001 threshold (x*=18.47) E
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Fig. 4. Kruskal-Wallis test results: (a) H-statistic, (b) Effect size (n?)
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Table 5. SHAP-based global feature importance and tier-specific contribution patterns

Rank Metric SHAP (Global / Peak) Rank Metric SHAP (Global / Peak)
1 commit_authored 3.18 (VH / 4.73) 9 unigue_repo_count 0.17 (VH / 0.28)
2 review_contrib_ratio 0.98 (H/1.91) 10 pr_acceptance_rate 0.10 (VL / 0.22)
3 pr_opened 0.74 (H/1.02) 11 weekend_act_ratio 0.09 (H/0.17)
4 pr_merged 0.51 (H/0.61) 12 avg_issue_cycle 0.09 (VL /0.19)
5 issue_opened 0.34 (VH / 0.47) 13 self_bugfix_count 0.08 (L/0.14)
6 issue_closed 0.33 (H/0.41) 14 avg_pr_merge_time 0.06 (M / 0.09)
7 pr_reviewed 0.22 (L / 0.26) 15 issue_resol_rate 0.03 (M /0.08)
8 activity_burstiness 0.19 (H/0.33) - - -
H 6. Random Forest(Gini)2t XGBoost(Gain) 7|2 A2 107 8= E2E
Table 6. Top 10 feature importances: Random Forest (Gini) vs XGBoost (Gain)
Rank Random Forest (RF) Importance XGBoost (XGB) Importance

1 commit_authored 0.406 commit_authored 0.318

2 activity_burstiness 0.112 pr_reviewed 0.137

3 pr_opened 0.062 pr_opened 0.126

4 pr_merged 0.058 issue_closed 0.098

5 self_bugfix_count 0.057 review_contribution_ratio 0.091

6 pr_reviewed 0.043 pr_merged 0.068

7 review_contribution_ratio 0.041 issue_opened 0.038

8 unique_repository_count 0.038 activity_burstiness 0.029

9 issue_closed 0.034 self_bugfix_count 0.017

10 weekend_activity_ratio 0.032 avg_issue_cycle_time 0.015

FE 7. CRI 7|9 AIAY

WA 23t 2 RIE RY 25

Table 7. Optimization of time-series resolution and metric typing based on CRI

Category Metric Type Daily CRI Weekly CRI Monthly CRI Optimal Resolution Pattern Strength (Fx)
Code Activity commit_ts Input 0.938 0.697 0.000 Monthly 0.640
pr_opened_ts Input 0.983 0.677 0.000 Monthly 0.566
Collaboration pr_merged_ts Output 0.500 0.599 0.500 Daily 0.607
review_ts Input 0.500 0.606 0.163 Monthly 0.679
) issue_opened_ts | Input 0.804 0.635 0.000 Monthly 0.427
Problem Solving
issue_closed_ts | Output 0.500 0.586 0.500 Daily 0.341
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