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Abstract

We present an empirical analysis of collective attention
dynamics on Hacker News, a technology-focused social
news platform with over 18 years of continuous opera-
tion. Using a dataset of 98,586 items with 22,457 tem-
poral snapshots collected during December 2025, we ex-
amine attention decay patterns, preferential attachment
mechanisms, content survival, and the predictive power of
early engagement metrics. Our analysis reveals: (1) at-
tention decay follows a power law with exponent o = 0.56
(R? = 0.73), indicating slower-than-exponential decline;
(2) extreme attention inequality with a Gini coefficient of
0.91, yet absent preferential attachment (p = —0.04); and
(3) early velocity strongly predicts final success (p = 0.74,
p < 107199 with 97.6% precision for viral content iden-
tification. These results contribute to our understanding
of how online communities allocate attention and have
implications for platform design and content recommen-
dation systems.

1 Introduction

The allocation of collective attention in online commu-
nities remains a central question in computational social
science. As digital platforms mediate an increasing share
of information consumption, understanding the mecha-
nisms by which content gains visibility, sustains engage-
ment, and fades from collective consciousness carries both
theoretical and practical significance [Wu and Huberman),
2007, [Lehmann et al., [2012].

Recent work has renewed interest in attention inequal-
ity. |[Zhu and Lerman| [2016] found Gini coefficients
exceeding 0.8 on Twitter and Instagram, while Hagar
and Shaw| [2022| documented high concentration in news
source attention on Reddit without corresponding cumu-
lative advantage, a pattern they termed “concentration
without cumulative advantage.” Machado et al. (2025)
recently confirmed super-linear growth and rising inequal-
ity across Reddit communities, observing power-law dis-

tributions with exponents between 1.5 and 2.5 [Machado
et al., [2025]. These studies suggest that attention in-
equality may be endemic to social platforms, regardless
of algorithmic design.

Hacker News (HN), founded in 2007 by Y Combinator,
offers a particularly useful setting for examining these dy-
namics. Unlike platforms with opaque recommendation
algorithms, HN employs a relatively transparent ranking
formula based on upvotes, time decay, and penalty fac-
tors. This transparency makes the relationship between
user behavior and content visibility more tractable |Sal-
ganik et al| 2006]. The platform’s technology-focused
community and consistent design over 18 years also pro-
vides stability that algorithmic platforms lack.

Previous research established that online attention fol-
lows heavy-tailed distributions |Barabasi, [2005|, with
power-law dynamics governing many social phenomena
[Clauset et al.| 2009]. The Matthew effect, whereby ini-
tial success begets further success, has been documented
across various platforms [Merton, 1968, though its mag-
nitude varies. Studies of content lifecycles have applied
survival analysis techniques from epidemiology |Leskovec
et al [2009|, while circadian patterns in online behavior
reveal complex interactions between global participation
and local time zones |Golder and Macyl, 2007]. Johnson
et al. (2014) demonstrated that power laws emerge in
online communities through preferential attachment and
fitness mechanisms [Johnson et all 2014].

This paper makes three contributions: (1) we provide
the first temporal analysis of HN content dynamics us-
ing snapshot data capturing score evolution over time;
(2) we quantify attention inequality and test for prefer-
ential attachment, finding a notable decoupling between
the two; (3) we develop a predictive framework showing
that early engagement velocity predicts final success with
high accuracy.



2 Data and Methods

2.1 Dataset

Our analysis uses a comprehensive archive of Hacker
News content collected during December 3-11, 2025. The
dataset comprises:

e 98,586 items: Stories, comments, polls, and job
postings spanning content created from 2007 to De-
cember 2025

e 22,457 temporal snapshots: Time-series observa-
tions of score and comment counts for tracked items,
captured at varying intervals

o Al-enriched metadata: Topic classification (13
categories), sentiment scores, and content type la-
bels generated via language model analysis

Snapshots were captured under multiple conditions:
score spikes (>20 point increases), front-page appearance,
periodic sampling, and initial discovery. This selective
strategy prioritizes high-engagement content while main-
taining computational efficiency, though it may bias to-
ward successful posts in lifecycle estimates.

2.2 Analytical Framework

Attention Decay Analysis We model attention ve-
locity v(t) as a function of time since posting using a
power-law specification:
v(t)=a-t¢ (1)
where « is the decay exponent. We estimate parameters

via nonlinear least squares and assess goodness-of-fit us-
ing R?.

Preferential Attachment To test for cumulative ad-
vantage, we compute Spearman correlation between cur-
rent score Sy and instantaneous growth rate AS/At:

(2)

Positive correlation indicates preferential attachment;
negative correlation suggests diminishing returns or sat-
uration effects.

p = corr(Sg, vy)

Attention Inequality We quantify inequality using
the Gini coefficient:
n+1
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where x; are scores sorted in ascending order. This mea-

sure ranges from 0 (perfect equality) to 1 (maximum in-
equality).

Survival Analysis We construct empirical survival
curves S(t) = P(T > t) where T represents content “life-
time” (time from first to last observed snapshot). We
note that our sampling strategy likely truncates observed
lifetimes for low-engagement content.

Early Velocity Prediction We test whether early en-
gagement velocity (points per hour in first 2 hours) pre-
dicts final success using Spearman correlation and classi-
fication metrics for viral content (defined as >100 points).

3 Results

3.1 Power-Law Attention Decay

Figure|l| presents attention decay dynamics. We compare
power-law and exponential decay models:

UPL(t) =a-t ¢
At

(4)
vEXp(t)za-e_ (5)

The power-law model (o = 0.56, R? = 0.73) outper-
forms exponential decay (A = 0.12, R? = 0.71) with
AAIC = 20.1, providing strong evidence for power-law
dynamics. This sub-linear exponent (o < 1) indicates
that attention persists longer than exponential decay
would predict, consistent with Wu & Huberman’s (2007)
observations on Digg.

(power law)
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Attention Decay: Power Law vs Exponential
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Exponential: 2=0.122, R>=0.711
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Figure 1: Attention decay follows power-law dynamics
(a = 0.56, R? = 0.73), outperforming exponential decay
(AAIC = 20.1). Point sizes indicate observation density.

The slow decay may reflect HN’s ranking algorithm,
which penalizes rapid score accumulation to maintain
content diversity, or community norms that sustain in-
terest in quality content.

3.2 Absence of Preferential Attachment

Contrary to theoretical expectations and many empirical
studies, we find weak negative correlation between cur-
rent score and growth velocity (p = —0.04, p < 107°).
Figure [2] illustrates this relationship across score deciles.
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Figure 2: Weak negative Matthew effect: higher-scored
posts do not receive disproportionately more attention.
In fact, growth velocity slightly decreases with current
score.

This finding parallels Hagar & Shaw’s (2022) observa-
tion of “concentration without cumulative advantage” on
Reddit. HN’s design appears to counteract preferential
attachment, possibly through algorithmic gravity penal-
ties on high-scoring content or community resistance to
pile-on behavior.

3.3 Extreme Attention Inequality

Despite absent preferential attachment, we observe ex-
treme inequality in attention distribution. The Gini coef-
ficient of 0.91 places HN among the most unequal atten-
tion economies documented in the literature (Figure [3)).
For comparison, Zhu & Lerman (2016) reported Gini co-
efficients of 0.68-0.86 across Twitter metrics.
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Figure 3: Lorenz curve showing extreme attention in-
equality (Gini = 0.91). The bottom 80% of posts receive
less than 10% of total upvotes.

This apparent paradox, high inequality without prefer-
ential attachment, suggests that initial conditions (post
timing, topic selection, title framing) rather than cumu-
lative advantage drive success disparities.

3.4 Content Survival Dynamics

Survival analysis reveals distinct lifecycle patterns across
success categories (Figure @ Viral posts (score >100)
exhibit substantially longer active lifespans, with 50% still
receiving engagement at 24+ hours compared to rapid
decay for lower-scoring posts.
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Figure 4: Survival curves by success category. Viral con-
tent maintains visibility substantially longer than normal
posts.

Median observed lifetime is 24.0 hours (mean: 32.3
hours, n = 848 items with sufficient snapshot coverage).
These estimates likely undercount true lifetimes for lower-
engagement content due to sampling bias.

3.5 Circadian Patterns

Figure [5] reveals systematic variation in posting volume
and quality by hour (UTC). Peak posting occurs at 15:00
UTC (roughly 10am-11am US Eastern), while peak aver-
age score occurs at 13:00 UTC, a 2-hour offset suggesting
that early-afternoon posts (US morning) achieve higher
engagement per post.
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Figure 5: Circadian patterns: posting volume peaks at
15:00 UTC; quality peaks at 13:00 UTC. This offset sug-
gests strategic timing opportunities.

Weekend posts show marginally higher mean scores
(36.0 vs 34.6), potentially reflecting reduced competition
or different content mix.

3.6 Early Velocity Predicts Success

Our most striking result concerns the predictive power
of early engagement. Early velocity (first 2 hours) cor-



relates strongly with final score (p = 0.74, p < 107190),
substantially outperforming initial score alone (p = 0.36).
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Figure 6: Early velocity predicts final success with p =
0.74. Top-quintile early velocity achieves 97.6% precision
for viral prediction (39.2% recall).

A classifier based on top-20% early velocity achieves
97.6% precision for viral content identification, though
with 39.2% recall. This precision-recall tradeoff has prac-
tical implications: early velocity provides a reliable but
conservative signal for surfacing high-potential content.

3.7 Score Distribution

Following [Clauset et al| [2009], we apply rigorous max-
imum likelihood estimation with optimal x,,;, selection
via KS minimization. The analysis identifies x,,;, = 731
with a = 3.5240.25 in the tail (Figure@. This exponent
falls within the 2—4 range typical of social systems.

Likelihood-ratio tests comparing power-law to alterna-
tive distributions yield inconclusive results: vs. exponen-
tial (R = +1.69, p = 0.09), vs. lognormal (R = —0.30,
p = 0.77), vs. truncated power-law (R = —0.62, p =
0.49). None achieve statistical significance at p < 0.05,
suggesting the distribution may be better characterized as
heavy-tailed without strict adherence to any single para-
metric form—a common finding in empirical social data.
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Figure 7: Score distribution analysis using Clauset et
al. (2009) methodology. The tail (z > 731) follows ap-
proximate power-law behavior with a = 3.52, though
likelihood-ratio tests cannot definitively distinguish be-
tween power-law and lognormal alternatives.

4 Discussion

Our analysis reveals an attention economy that defies
simple models. The combination of (1) extreme inequal-
ity, (2) absent preferential attachment, and (3) strong
early-velocity predictability suggests that success on HN
is largely determined within the first hours of posting.

For platform design: The absence of Matthew effects
demonstrates that algorithmic design can counteract cu-
mulative advantage without eliminating inequality. HN’s
gravity penalty and community norms appear to prevent
runaway success, yet the resulting system remains highly
unequal. This suggests inequality stems from initial sort-
ing (who sees new content first) rather than amplification.

For content creators: The strong predictability from
early velocity (p = 0.74) suggests that “going viral” is
largely determined by initial reception. Optimization ef-
forts should focus on launch conditions, including timing,
title construction, and initial audience, rather than hop-
ing for later discovery.

For researchers: The decoupling of high Gini from
preferential attachment aligns with Hagar & Shaw’s
(2022) concentration without cumulative advantage. Fu-
ture work should investigate which initial conditions drive
this inequality, whether topic selection, network position,
or post presentation.

4.1 Limitations

Our snapshot sampling prioritizes high-engagement con-
tent, potentially biasing survival estimates. Sensitivity
analysis across score ranges confirms the absent Matthew
effect holds consistently: p = —0.01 for scores 1-10, p =
—0.03 for 10-30, p = —0.06 for 30-100, and p = —0.05
for 100-1000, all weakly negative or non-significant.

The Gini coefficient varies substantially by subset: 0.91
overall, but 0.45 for low-score posts (score < 30), 0.20 for
medium-score (30-100), and 0.42 for high-score (> 100).
This suggests the extreme overall inequality reflects the
bimodal nature of HN success (many posts at 1-2 points,
fewer at high scores) rather than inequality within success
tiers.

The 8-day collection window limits analysis of long-
term trends. We cannot distinguish organic engagement
from coordinated activity.

4.2 Data and Code Availability

The complete source code for the archiving system
and raw dataset are available at https://github.
com/philippdubach/hn-archiver. Analysis code and
reproducible notebooks are at https://github.com/
philippdubach/hn-analyzer. The D1/SQLite database
contains all 98,586 items and 22,457 snapshots used in this
analysis.
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4.3 Ethics Statement

This study uses publicly available data from Hacker News.
No personally identifiable information beyond usernames
(which are public) was collected. The analysis focuses on
aggregate patterns rather than individual user behavior.

5 Conclusion

This study documents attention dynamics in an online
community designed to reward quality over popularity
signals. The finding that early velocity predicts final suc-
cess (p = 0.74), combined with absent preferential at-
tachment, suggests that content fate is determined within
hours of posting. The extreme Gini coefficient (0.91) con-
firms that attention inequality persists even in communi-
ties that successfully counteract cumulative advantage.

Future work should examine which initial conditions
drive success, whether network position, strategic tim-
ing, content characteristics, or presentation factors, and
whether interventions might broaden attention distribu-
tion without sacrificing quality signals.
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