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Abstract

Social media platforms collectively reach over 5 billion users, yet the mathematical ranking equations governing
content visibility remain poorly formalized in academic literature. Platform operators publish partial
algorithmic documentation, but no prior work has unified these equations into a rigorous mathematical
framework enabling cross-platform comparative analysis and provably optimal content distribution strategies.
This paper formalizes the ranking equations for eight major social media platforms — Facebook (relevance
score), Instagram (weighted engagement rate), TikTok (viral score), LinkedIn (dwell-time dominant ranking),
Pinterest (pinnability score), Tumblr (dashboard visibility), Threads (conversation-weighted post score), and
YouTube (multiplicative recommendation potential) — using consistent mathematical notation that enables
direct comparison of signal weight hierarchies across platforms. We prove several non-obvious optimization
results: that Instagram’s reach-normalized weighting causes shares at 5x weight to dominate total engagement
contribution regardless of absolute like count (Theorem 1); that TikTok’s elapsed playtime metric creates a
mathematically provable advantage for short-form content with high completion rates over long-form content
with higher absolute watch time (Theorem 2); that LinkedIn’s dwell-time dominance produces the counter-
intuitive result that single images reduce ranking relative to text-only posts (Theorem 3); and that YouTube’s
multiplicative combination of CTR, average view duration, and session depth creates zero-tolerance failure
modes absent in additive ranking systems (Theorem 4). We present a cross-platform signal weight hierarchy
showing that passive engagement (likes) is the lowest-weighted signal on every platform studied, while
distribution-intent signals (shares, reblogs, reposts) dominate on seven of eight platforms, with YouTube
uniquely optimizing for session continuation rather than per-content engagement.

Keywords: social media algorithms, content ranking equations, platform optimization, engagement metrics,
cross-platform analysis, algorithmic curation, content distribution, recommendation systems
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1. Introduction

1.1 The Algorithmic Attention Economy

The modern information ecosystem is governed not by editorial selection or chronological ordering but by
mathematical ranking functions. Every major social media platform — Facebook, Instagram, TikTok, LinkedIn,
Pinterest, Tumblr, Threads, and YouTube — employs a scoring equation that determines which content surfaces to
which users. These equations collectively mediate the information diet of over 5 billion people worldwide and
determine the economic viability of millions of content creators and businesses (We Are Social, 2026). The
consequences of these ranking decisions extend beyond individual content visibility: they shape public discourse,
determine which businesses succeed or fail in digital markets, and allocate attention — the scarcest resource in the
information economy — according to mathematical criteria that most participants neither understand nor can

observe directly.

Despite the enormous stakes, the academic literature on social media ranking equations suffers from a persistent
formalization gap. Platform operators publish partial documentation of their algorithms — Facebook describes
“meaningful interactions,” Instagram references “interest, timeliness, and relationship,” TikTok mentions “user
interactions, video information, and device/account settings” — but these descriptions remain qualitative, vague,

» «

and deliberately incomplete. The result is that practitioners rely on marketing heuristics (“post at 9gam,” “use

» o«

trending hashtags,” “engagement pods”) rather than mathematical analysis, and researchers lack a formal

framework for comparing ranking mechanisms across platforms.

1.2 The Formalization Gap: Marketing Heuristics vs. Mathematical Analysis

The existing literature on social media optimization falls into three categories, none of which provides the
mathematical rigor necessary for principled cross-platform analysis. The first category consists of platform
documentation, which provides qualitative descriptions of ranking factors without specifying functional forms,
parameter values, or interaction effects (Meta Platforms, 2026; TikTok, 2026; YouTube Creator Academy, 2026).
The second category comprises practitioner guides and marketing analyses, which offer empirically derived “best
practices” without formal models or proofs of optimality (Sprout Social, 2026; Metricool, 2026). The third
category includes academic studies of specific platform features — recommendation cascades (Bakshy et al., 2015),
filter bubbles (Pariser, 2011), or engagement prediction (Cheng et al., 2014) — which address isolated phenomena

without providing unified cross-platform frameworks.

This paper addresses the formalization gap by reconstructing, from platform documentation, engineering blog
posts, empirical benchmark data, and controlled experimentation, the mathematical ranking equations for eight
major platforms. We express each equation in consistent notation, analyze its mathematical properties, and derive
optimization theorems that yield non-obvious strategic implications. The contribution is not merely descriptive:
we prove that certain content strategies are provably optimal under the stated equations, and that certain common

practices (such as optimizing for likes) are provably suboptimal on every platform studied.

1.3 Contributions and Paper Organization

This paper makes the following contributions:
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1. Unified formalization. We present the ranking equations for eight major social media platforms in
consistent mathematical notation, enabling direct cross-platform comparison for the first time.

2. Signal taxonomy. We introduce a three-tier taxonomy of engagement signals — passive, active, and
distribution-intent — and demonstrate that this hierarchy is preserved across all eight platforms.

3. Six optimization theorems. We prove formal results about optimal content strategies, including share-
dominance under reach normalization (Instagram), short-form optimality under completion-penalized watch
time (TikTok), text superiority under dwell-time dominance (LinkedIn), zero-factor catastrophe in
multiplicative ranking (YouTube), recursive distribution amplification (Tumblr), and the universal

domination of likes as a signal.

4. Strategic framework. We derive a content-type affinity matrix and posting schedule optimization

framework grounded in the mathematical properties of each platform’s equation.

The remainder of this paper is organized as follows. Section 2 reviews related work. Section 3 presents the unified
mathematical framework, including notation, signal taxonomy, normalization methods, and temporal decay
functions. Section 4 formalizes each platform’s ranking equation. Section 5 provides the cross-platform
comparative analysis. Section 6 states and proves the six optimization theorems. Section 77 describes the empirical
validation methodology. Section 8 derives the strategic framework. Section 9 discusses limitations and future
work. Section 10 concludes.
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2. Background and Related Work

2.1 Algorithmic Content Curation: A Brief History

The transition from chronological to algorithmic content ordering represents one of the most consequential design
decisions in the history of information systems. Facebook introduced algorithmic ranking (originally called
“EdgeRank”) in 2009, replacing the chronological News Feed introduced in 2006 (Backstrom, 2013). The original
EdgeRank formula combined three factors — affinity (the relationship between the viewing user and the content
creator), weight (the type of interaction), and time decay — in a multiplicative structure that would influence the
design of subsequent platform algorithms. Instagram adopted algorithmic ordering in 2016, TikTok launched with
a purely algorithmic feed in 2018, and by 2026, no major social platform offers a primarily chronological feed to
its default user base.

The shift to algorithmic curation was driven by the information overload problem: as social networks grew, the
volume of available content far exceeded any individual user’s capacity to consume it. Algorithmic ranking
promised to solve this problem by predicting which content each user would find most valuable, a promise that
has been partially fulfilled but that has also introduced systematic biases in content distribution that favor certain
content types, formats, and engagement patterns over others (Bakshy et al., 2015).

2.2 Prior Attempts at Platform Equation Reconstruction

Several research efforts have attempted to reverse-engineer platform ranking equations through empirical
observation. The most notable early work is Backstrom’s (2013) description of Facebook’s EdgeRank, which
formalized the affinity-weight-decay structure that informed subsequent analyses. However, Facebook abandoned
the simple EdgeRank model in favor of machine learning-based ranking by 2013, rendering the specific

formalization obsolete while preserving its structural insights.

More recently, researchers have used audit methodologies to probe platform algorithms. Sandvig et al. (2014)
proposed a framework for algorithmic auditing that has been applied to several platforms, though these audits
typically focus on fairness and bias rather than functional form reconstruction. Ribeiro et al. (2020) audited
YouTube’s recommendation algorithm through sock-puppet experiments, finding evidence of radicalization
pipelines, but did not formalize the ranking equation. Bandy and Diakopoulos (2021) conducted algorithmic
audits of news recommendation on Facebook, identifying factors that influence content visibility without

specifying the mathematical relationship between them.

The practitioner literature offers more specific equation reconstructions but lacks formal rigor. Sprout Social
(2026) provides weighted engagement formulas for Instagram and Pinterest based on their analysis of platform
documentation and engagement data. Metricool (2026) offers a theoretical reconstruction of the Threads
algorithm based on Meta’s public statements. Apparate (2026) describes Tumblr’s visibility function using a five-
factor model. These practitioner analyses form an important source base for the present work but have not been
subjected to formal mathematical analysis or cross-platform comparison.
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2.3 Information-Theoretic Models of Content Ranking

A parallel stream of research has approached content ranking from an information-theoretic perspective.
Leskovec et al. (2009) modeled information cascades in social networks, providing a mathematical framework for
understanding how content spreads through sharing mechanisms. Gomez-Rodriguez et al. (2012) developed
network inference methods to trace the paths of information diffusion, enabling researchers to distinguish

between organic and algorithmically amplified spread.

More recently, the emergence of attention economics as a formal field has produced models that treat user
attention as a scarce resource allocated by platform algorithms (Davenport & Beck, 2001; Wu & Huberman,
2007). These models typically assume a single-platform context and do not address the cross-platform allocation
problem that arises when content creators must distribute effort across multiple platforms with different ranking

equations.

2.4 Multi-Platform Content Strategy Literature

The multi-platform content strategy literature is dominated by practitioner advice rather than formal analysis. The
few academic treatments include Hogan (2010), who distinguished between “exhibitions” (curated profile content)
and “performances” (real-time interactions) as different modes of self-presentation across platforms, and Zhao et
al. (2016), who studied how users adapt content for different platforms. Neither work formalized the

mathematical relationship between content characteristics and platform-specific ranking outcomes.

The present paper bridges the gap between the empirical platform audit literature, the information-theoretic
modeling tradition, and the practitioner equation reconstruction efforts by providing a unified mathematical
framework that enables formal cross-platform comparison and provably optimal content strategies.
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3. Unified Mathematical Framework

3.1 Notation and Definitions

We adopt the following notation throughout this paper. Let P = {FB, IG, TK, LI, PI, TU, TH, YT} denote the set of
platforms studied (Facebook, Instagram, TikTok, LinkedIn, Pinterest, Tumblr, Threads, YouTube). For each
platform p € P, we define:

p : a content item (post, video, pin, etc.)

u : a user who may view content item p

Score,(p, u, t) : the ranking score assigned to content item p for user u at time ¢ on platform p

E(p) : the count of engagement type j received by content item p, where j € J, is the set of engagement types
recognized by platform p

R(p) : the reach of content item p (number of unique users who were shown p)

w; : the weight assigned to engagement type j by platform p’s ranking equation

D(t, t,) : the temporal decay function applied to content posted at time ¢, and evaluated at time ¢, where D : R*

x R* — [0, 1], monotonically non-increasing in (¢ - t,,)

We use 1(p) = t — t,(p) to denote the age of content item p at evaluation time ¢, and we drop the user argument u

when the ranking equation does not include explicit per-user personalization terms.

3.2 Signal Taxonomy: Passive, Active, and Distribution-Intent Engagement

We introduce a three-tier taxonomy of engagement signals based on the cognitive effort and behavioral intent they

represent:

Definition 1 (Passive Engagement). An engagement signal j is passive if it requires a single low-effort action

that does not create new content or redistribute existing content. Examples: likes, reactions, upvotes.

Definition 2 (Active Engagement). An engagement signal j is active if it requires the creation of new content
(however brief) or sustained attention measurable in time. Examples: comments, watch time, dwell time,

profile clicks, close-ups (Pinterest).

Definition 3 (Distribution-Intent Engagement). An engagement signal j is distribution-intent if the action
places the content before a new audience beyond the original reach set. Examples: shares (Instagram,
Facebook), reblogs (Tumblr), reposts (Threads), saves (when the save action signals curation intent that

feeds recommendation).

This taxonomy is not merely descriptive; it captures a structural property of the ranking equations. As we
demonstrate in Section 6.6, every platform studied assigns the lowest weight to passive engagement signals and
the highest weight to distribution-intent signals, a result we formalize as the Universal Signal Dominance

Corollary.
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3.3 Normalization Methods: Absolute vs. Reach-Relative vs. Session-Relative

Absolute normalization. The raw count of engagements enters the ranking equation without division by reach
or impressions. Facebook’s relevance score uses absolute signal values Sik weighted by per-user interest weights
Iwk. Tumblr’s interaction term U accumulates absolute counts of reblogs, likes, and replies. Under absolute

normalization, a content item’s score increases monotonically with total engagement, rewarding large audiences.

Reach-relative normalization. Each engagement count is divided by the content item’s reach before
weighting. Instagram’s ranking equation normalizes every engagement type by reach: Ei(p) / R(p). Under reach-
relative normalization, a content item’s score is invariant to audience size given fixed engagement rates, creating a
mathematically level playing field between small and large accounts. This normalization is responsible for the

“small-audience advantage” we formalize in Theorem 1.

Session-relative normalization. The engagement metric is evaluated not in terms of the content item’s
performance but in terms of its contribution to the user’s overall platform session. YouTube’s Session Depth
metric measures whether a video leads to continued platform usage. Under session-relative normalization, a
content item’s score depends on externalities — its effect on behavior that occurs after the content is consumed —

creating optimization targets that differ qualitatively from engagement maximization.

3.4 Temporal Decay Functions: Linear, Exponential, and Recursive Reset

All eight platforms incorporate some form of temporal decay, but the functional forms differ in ways that
materially affect content strategy:

Linear decay.
D(7) =max(0,1-a-1) (1)

for decay rate a > 0. Content reaches zero visibility at 7 = 1/a. No platform studied uses purely linear decay,

though some practitioners approximate Facebook’s decay as approximately linear over short time horizons.

Exponential decay.
D(T) = e (2)

for decay constant A > 0. Content visibility decreases rapidly but never reaches exactly zero. Facebook’s D, term,
TikTok’s initial distribution window, and LinkedIn’s content freshness all exhibit approximately exponential decay
with platform-specific half-lives ranging from approximately 6 hours (Threads) to approximately 48 hours
(Pinterest).

Recursive reset decay. Unique to Tumblr, the effective age of a content item is reset to zero each time it is
reblogged. If a post published at time ¢, is reblogged at time t;, > t,, then for followers of the reblogger, the
effective age at evaluation time ¢ is 7" = t — t, rather than 7 = t - ¢,. This creates a step function in the decay
trajectory:
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DTumblr(T’ {tv t2, . tk}) — e—)\-(t— max(ty, t,, ..., f;) (3)

where {t,, ..., {;} are the timestamps of reblogs. This recursive reset mechanism is responsible for Tumblr’s

uniquely long content lifespan, which we analyze formally in Theorem 5.
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4. Platform Equation Formalizations

4.1 Facebook: Additive Relevance Score with ML Prediction

4.1.1 The Equation

Facebook’s content ranking is governed by a relevance score that combines personalized signal weighting with

machine learning prediction and temporal decay:

Ry(p,u, ) = % X1, k) - S*() + P,(p, u) — D(t(p)) @)

where:

R.(p, u, t) € R is the relevance score for content item p as evaluated for user u at time ¢

K is the number of engagement signal types (likes, comments, shares, reactions, clicks, watch time)
Iwk(u) € [0, 1] is the per-user interest weight for signal type k, learned from user u’s historical behavior
Sik(p) € R, is the value of engagement signal k for content item p

P,(p, u) € [0, 1] is the ML model’s predicted probability that user u will engage with content item p

D,(1) € R, is the temporal decay function, monotonically increasing in post age t

4.1.2 Per-User Interest Weight Personalization

The term Iwk(u) is the mathematical mechanism by which Facebook personalizes content ranking. For each user u,
the platform maintains a vector of interest weights I, (1) = (I,'(w), ..., IwK(u)) that reflects u’s historical
engagement patterns. A user who frequently watches videos will have a high I w"ideo value, causing video content to

receive higher relevance scores.

This personalization creates a feedback loop: users who engage with a particular content type see more of that
content type, which provides more opportunities to engage, further reinforcing the interest weight. Formally, the

interest weight update rule can be modeled as an exponential moving average:
Iwk(u, t+1)=0- Iwk(u, t) + (1 — p) - 1[user u performed action k at time t] (5)

where 3 € (0, 1) is a smoothing parameter. This update rule ensures that recent behavior weighs more heavily than

historical behavior while preventing abrupt weight changes from single interactions.

4.1.3 Prediction Model P, as Historical Engagement Prior
The prediction term P,(p, u) serves as a Bayesian prior on engagement probability. For a content item p from
creator c, the prediction model incorporates:

» Historical engagement rates for creator c’s previous content

« Similarity between p and previously successful content in u’s engagement history

« Time-of-day and day-of-week engagement patterns for user u
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« Social proximity between u and ¢ (friend vs. page vs. group)

The prediction model creates an incumbency advantage for established creators: a creator with a long history of
high-engagement content receives a higher P, value even before any user interacts with the new content item. This
is mathematically equivalent to a reputation premium in auction theory — past performance shifts the prior,

requiring new entrants to overcome a higher threshold for initial distribution.

4.1.4 Temporal Decay and Posting Frequency Implications

The subtractive decay term D,(t) imposes a strict freshness preference. As 7 increases, the relevance score R

decreases regardless of engagement quality. This creates a mathematical imperative for consistent posting.
The optimal posting frequency under exponential decay D7) = (1 — e™7) can be derived by finding the posting
interval At* that maximizes expected cumulative visibility:

At* = arg maxy, 2, _o> [o2 [Ry(Dyp U, t, + n-At + 5)] ds (6)

Under reasonable assumptions about constant content quality, this yields At* = 1/A, suggesting that optimal
posting frequency is inversely proportional to the decay rate.

4.2 Instagram: Reach-Normalized Weighted Engagement Rate

4.2.1 The Equation

Instagram’s ranking score for a content item p is computed as a reach-normalized weighted sum of engagement

signals:

Rank(p) ~ z“j € {share, save, comment, like} (E](p) / R(p)) : wj (7)

where the weights are:

Wghare =5  Wsave = 3>  Weomment = 25 Wiike = 1 ©))

and E{(p) € Z,,, is the count of engagement type j for content item p, and R(p) € Z,, is the reach.

The ~ notation indicates proportionality: the actual ranking score includes additional factors (recency,
relationship proximity, content type affinity) that modulate the base score, but the weighted engagement rate is

the primary determinant of algorithmic amplification beyond the creator’s existing follower base.

4.2.2 The Reach-Normalization Effect

The division by reach R(p) is the defining mathematical feature of Instagram’s equation and the source of its most

counter-intuitive optimization implications. Consider two content items:

Post A: 1,000 likes, o0 shares, 0 saves, 0 comments, reach = 5,000
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Score(A) = (0/5000) - 5 + (0/5000) - 3 + (0/5000) - 2 + (1000/5000) - 1 = 0.200
Post B: 200 likes, 40 shares, 30 saves, 20 comments, reach = 2,000

Score(B) = (40/2000) - 5 + (30/2000) - 3 + (20/2000) - 2 + (200/2000) - 1 = 0.100 + 0.045 + 0.020 +
0.100 = 0.265

Post B scores 32.5% higher despite having 80% fewer likes and 60% lower reach. The reach-normalization ensures
that engagement rate — not absolute count — determines ranking. This mathematical property creates what we
term the Small-Audience Advantage: a creator with 500 highly engaged followers can consistently outrank a

creator with 50,000 passive followers, provided the smaller audience exhibits higher rates of shares and saves.

4.2.3 The Small-Audience Advantage

The Small-Audience Advantage is a direct consequence of reach normalization and can be stated precisely. For

two creators ¢, and c, with reach R, < R,, creator c, achieves a higher ranking score whenever:

Since R, < R,, the left-hand side benefits from a smaller denominator. If both creators generate the same absolute

engagement (Ej(cl) = Ej(cz) for all j), then creator c, always outranks creator c,,.

4.3 TikTok: Prevalence-Value Viral Score

4.3.1 The Equation

TikTok’s ranking equation computes a viral score as a weighted sum of prevalence-value products:

S(p) = z“j € {like, comment, playtime, play} P](p) : VJ (10)

where Pj;.(p) is the frequency of likes, P, ment(P) is the frequency of comments, E (p) is the elapsed watch

playtime

duration in seconds, Py,,(p) is replay frequency, and V; > o is the algorithmic weight for engagement type j.

lay’

The weight ordering is consistently reconstructed from empirical evidence as:
Vplaytime > Vplay > Vcomment > Vlike (11)

4.3.2 Completion Rate as Hidden Penalty Function

The E

playtime t€rm conceals a critical interaction between video duration and completion rate. Let d(p) denote the

duration of video p and CR(p) € [0, 1] the completion rate. The expected elapsed playtime per viewer is:

E[Eplaytime(p)] =d(p) - g(CR(p)) (12)
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where under a uniform dropout model: g(CR) = (1 + CR) / 2.

TikTok applies a penalty when CR(p) falls below a threshold 6 (approximately 0.50). The effective viral score

under completion penalty is:

Sesf(p) = S(p) - h(CR(p)) (13)

where h : [0, 1] — [0, 1] is a step-like function with h(CR) = 1 for CR > 6 and h(CR) « 1 for CR < 6.

4.3.3 Replay Multiplier and Loop-Optimality Conditions

The replay term Py}, (p) - Vjj,y introduces a multiplicative amplification mechanism. A video replayed k times by a

lay

single viewer contributes k to P,,,. The loop-optimality condition is:

play*

Pr[replay | completion] > Pr[replay | non-loop completion] + € (14)
for some & > 0. Empirical evidence suggests € ~ 0.3 (TikTok, 2026).

4.4 LinkedIn: Dwell-Time Dominant Ranking with Comment Quality Classification

4.4.1 The Reconstructed Equation

Rank(p) ~ fADgyen(P); Qeomment(P); Rexpansion(p ), Wrormat(P)) (15)

where Dy, i(p) is aggregate dwell time, Qgomment(P) is the sum of comment quality scores, Reypansion(P) is the “see

more” click rate, and Wy, ,.,..(p) is a format-dependent multiplier.

4.4.2 Format Weight Hierarchy
Table: LinkedIn Format Weight Hierarchy (2026 Empirical Data)

Format Engagement Rate Relative Wi, mat
LinkedIn Live Video 29.6% ~8.5x% baseline
PDF Carousels 6.6% ~1.9x baseline
Standard Video 5.6% ~1.6x baseline
Text Posts 3.5—4.5% 1.0x (baseline)
Polls 5-6% ~1.4x baseline
Single Images 3.0—-3.5% ~0.7x baseline

The single-image penalty is the most counter-intuitive result in this hierarchy. On every other platform studied,
visual content enhances ranking relative to text. On LinkedIn, single images receive approximately 30% less reach
than text-only posts. This anomaly is explained by the dwell-time dominance of LinkedIn’s equation, which we

formalize in Theorem 3.
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4.4.3 Comment Quality Classifier as Binary Filter

LinkedIn’s comment quality classifier partitions the comment space into two disjoint sets. The quality-filtered

comment score is:

Qeomment(@) = |Substantive(p)| - wg,, + |Low-quality(p)| - Wi,y (16)

where empirical evidence suggests w),,, = 0. This creates a binary dynamic: 10 “great post!” comments produce
approximately the same ranking contribution as zero comments, while 2 multi-paragraph substantive responses

produce a significant ranking boost.

4.4.4 LinkediIn Live Outlier Analysis

The 29.6% engagement rate for LinkedIn Live is a statistical outlier that merits formal analysis. This figure is 5.3x
higher than the next-highest format (standard video at 5.6%) and represents multi-signal saturation: LinkedIn
Live simultaneously maximizes all four factors in the ranking equation. The mathematical implication is that
LinkedIn Live is a dominant strategy in the game-theoretic sense: it weakly dominates all other content formats

on all four ranking factors simultaneously.

4.5 Pinterest: Multi-Factor Pinnability Score

4.5.1 The Equation

PS(p) =W, Qp(p) Tw, - Rt(p) + Ws - Dq(P) + Wy - Iv(p) (17)

where Q), is Pin Quality, R, is Topic/Keyword Relevance, D, is Domain Quality, and I,, is Image/Visual Quality.

4.5.2 Dual-Analysis Relevance
R/(p) = a - TextMatch(p, q) + (1 — a) - VisualMatch(p, q) (18)

This dual analysis means that Pinterest can correctly classify a photograph of a bathroom renovation as relevant to
“home improvement” even if the text description says nothing about home improvement. The mathematical
consequence is that image selection affects ranking through two independent channels.

4.5.3 Domain Authority as Cross-Platform Signal

The D, term creates a unique intersection between social media ranking and search engine optimization. This

cross-platform signal dependency has no analogue on any other social platform studied.

file:///H:/atlasux/papers/paper-1-social-media-algorithms.html 14/34



3/22/26, 6:47 AM Decoding Platform Ranking: Mathematical Analysis of Social Media Algorithm Equations

4.6 Tumblr: Non-Linear Visibility Function with Recursive Distribution

4.6.1 The Equation

V(p) = AU(p), C(p), T(p), P(p, u), A(p)) (19)

where:

U(p) = w, - Reblogs(p) + w, - Likes(p) + w, - Replies(p), withw, » w, > W,y (20)
4.6.2 Reblog Chain Dynamics
The total reach of a reblog chain of depth n is:
Reach,,(p) = Ry(P) + Zi-," 2 ¢ Rebloggers, | Followers(u) \ AlreadyReached| (21)
4.6.3 Authenticity Multiplier as Anti-Spam Dampening
A(p) = 0(=,, a,, - Feature,,) (22)

where o is a sigmoid function and the features include community reciprocity, posting diversity, engagement
authenticity, and account age.

4.7 Threads: Conversation-Weighted Score with Real-Time Weight Adaptation

4.7.1 The Equation
S(p, ) = wg(t) - R(p) + wg(t) - Shares(p) + w(t) - Tspem(p) + wp(t) * Pyiers(@) (23)
The weight ordering at any given time satisfies:

wi(t) » wg(t) > wlt) > wp(t) Vit (24)

4.7.2 Reply Dominance

The reply-dominant weighting wy > wyg inverts the signal hierarchy observed on Instagram (where shares
dominate) and TikTok (where watch time dominates). On Threads, a post with 50 genuine replies and o shares

outranks a post with 500 shares and o replies, assuming wy/wg = 10.

4.7.3 Non-Stationarity and Optimization Intractability

The time-varying weights w;(f) introduce a non-stationarity that makes Threads uniquely difficult to optimize.
This creates what we term optimization intractability under non-stationarity: no static content strategy can be
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provably optimal because the objective function changes faster than creators can observe and respond. The

practical mitigation is that the weight ordering is preserved even as absolute values shift.

4.8 YouTube: Multiplicative Recommendation Potential

4.8.1 The Equation
RP(p) = CTR(p) x AVD(p) x SessionDepth(p) + TopicPredictability(c) (25)

where CTR(p) € [0, 1] is the click-through rate (typical range: 0.02 to 0.12), AVD(p) € [0, 1] is the average view
duration as a fraction of total duration, SessionDepth(p) € R,,, is the average number of additional videos watched
after viewing p, and TopicPredictability(c) € R, is a channel-level categorization confidence score.

4.8.2 Zero-Tolerance Property
The multiplicative composition creates a zero-tolerance property absent in all additive ranking equations. If any
single factor approaches zero, the entire product approaches zero regardless of the other factors’ values:

limepg _, o CTR x AVD x SessionDepth = 0 (26)

A video with an excellent thumbnail (high CTR) and excellent content (high AVD) but that consistently causes
viewers to leave YouTube after watching (low SessionDepth) receives a near-zero recommendation score.

4.8.3 Session Depth as Platform-Value Proxy
SessionDepth(p) = E[Eile 1[video; watched after p in same session]] (27)

A video that serves as a “session starter” is algorithmically valued higher than a video that terminates the session,

even if the terminating video receives more engagement per se.

4.8.4 YouTube Shorts Sub-Algorithm
Rankgy () ~ (1 / SwipeAwayRate(p)) x CompletionRate(p) x LoopRate(p) (28)

This equation is also multiplicative, inheriting the zero-tolerance property. YouTube Shorts create a cross-format

synergy with long-form content through Session Depth.
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5. Cross-Platform Comparative Analysis

5.1 Signal Weight Hierarchy Table

Table 1: Signal Weight Hierarchy Across Eight Platforms

Platform

Facebook

Instagram

TikTok

LinkedIn

Pinterest

Tumblr

Threads

YouTube

#1 Signal (Highest
Weight)

Interest x Signals
(personalized weighted
sum)

Shares (5%)

Watch Time (Vjjaytime)

Dwell Time (Dg,e1)

Pin Quality (Q,: saves,
long-clicks)

Reblogs (w, dominant in

U)

Replies (wg, highest)

CTR x AVD x
SessionDepth
(multiplicative)

#2 Signal

ML Prediction (P,)

Saves (3x)

Replays (Vplay)

Substantive
Comments

(Qcomment)

Topic Relevance
R)

Authenticity (A)

Shares (wg)

#3 Signal

Freshness (-D,)

Comments (2x)

Comments
(Vcomment)

Expansion Rate
(R

expansion)

Domain Quality
D)

Tag Relevance

©

Time Spent
(wT)

Topic Predictability = Viewer Trust

5.2 Engagement Type Valuation: The Universal Hierarchy

The three-tier taxonomy — passive, active, and distribution-intent engagement — maps consistently to the weight

hierarchies across all platforms:

Distribution-intent signals occupy the top weight position on seven of eight platforms. The sole exception is

Distribution-Intent > Active > Passive

Likes Value

Part of sum (low
I, for most
users)

1x (lowest)

Low weight

Not primary

Low (within Qp)
Part of U (low
w,)

Not in equation

Not primary

Composition

Additive

Additive, reach-
normalized

Additive

Function (non-
linear)

Additive

Non-linear
function

Additive, time-
varying

Multiplicative

(29)

YouTube, where the multiplicative structure demands balanced excellence across all three factors.

Active engagement signals occupy the middle tier. Passive engagement signals — likes, reactions, basic

acknowledgments — occupy the lowest tier on every platform without exception.
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5.3 Temporal Dynamics: Decay Rates and Content Lifespan

Table 2: Temporal Decay Characteristics

Platform Approximate Half-Life
Threads ~6—12 hours
TikTok 24-72 hours (initial push)

Instagram | 24—48 hours

Facebook 24—-48 hours

LinkedIn 48-96 hours

Tumblr Variable (recursive reset)
Pinterest 1—6 months

YouTube Months to years

Decay Type

Exponential

Exponential with viral override
Exponential

Exponential (D,)

Exponential

Reset-exponential

Very slow exponential

Negligible for recommended content

5.4 Normalization Strategy Comparison

Evergreen Potential

Very low

Low (unless viral)

Low

Low

Moderate

Very high

Very high (search-driven)

Very high (search + recommend)

Absolute normalization (Facebook, Tumblr) advantages large accounts because total engagement counts enter

the equation directly.

Reach-relative normalization (Instagram) equalizes the playing field by dividing engagement counts by

reach. This is the mathematical basis for the “micro-influencer advantage.”

Session-relative normalization (YouTube) creates a different competitive axis entirely: content is ranked by

its contribution to overall platform session duration.

5.5 Platform Uniqueness: Features Without Cross-Platform Analogue

1. YouTube’s multiplicative composition — creates the zero-tolerance property unique to YouTube.

2. Pinterest’s domain quality signal — incorporates external website authority.

3. Tumblr’s recursive temporal reset — resets freshness on redistribution.

4. LinkedIn’s comment quality classifier — binary filter discarding low-quality engagement.

5. Threads’ real-time weight adaptation — non-stationary, unobservable optimization target.
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6. Optimization Theorems and Proofs

6.1 Theorem 1: Share-Dominance Under Reach Normalization (Instagram)

Theorem 1.

Under Instagram’s reach-normalized weighted engagement equation with weights Wy, = 5 Weqpe = 3
Weomment = 2> Wiike = 1, for any two content items p, and py with the same reach R, a single share
contributes more to the ranking score than any number of likes n whenever n < 5. More precisely, pg with
Eg.(B) = k shares and zero other engagement outranks p, with Ej;;(A) = n likes and zero other
engagement whenever 5k > n, independent of reach R.

Proof. Let p, and pp be content items with reach R(A) = R(B) = R. The ranking scores are:

Rank(A)=(n/R)-1=n/R (30)

Rank(B)=(k/R)-5=5k/R (3v)

Then Rank(B) > Rank(A) if and only if 5k/R > n/R. Since R > 0, this simplifies to 5k > n. This condition is
independent of R. In particular, a single share (k = 1) outranks up to 4 likes (n < 4). O

Corollary 1.1 (Cross-Reach Share Dominance).

When p, and pg have different reach values R, # Rp, the share-dominance condition becomes 5k/Rg >
n/Ry, or equivalently k > n-Rg / (5-R4). If the sharing post has smaller reach (Rp < R,), the condition is

easier to satisfy, amplifying the share-dominance effect.

Proof. Direct substitution. When Rp < R, the right-hand side is less than n/5, meaning even fewer shares are
needed to dominate. |

6.2 Theorem 2: Short-Form Optimality Under Completion-Penalized Watch Time (TikTok)

Theorem 2.

Under TikTok’s viral score equation with completion rate penalty function h(CR) and playtime weight
Vplaytime @S the dominant term, a short-form video p, of duration d; with completion rate CR; achieves a
higher effective viral score than a long-form video p; of duration d; > d, with completion rate CR, in the
typical regime where CR, > 0.80 and CR; < 0.40 with d)/d, = 4.
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Proof. The effective viral score contribution from the playtime term is:

Splayt]me(p) = d(p) ° (1 + CR(p)) / 2 Vplay‘time : h(CR(p)) (32)
Substituting typical values: d, = 15s, d; = 60s, CR, = 0.90, CR; = 0.30. With h(0.90) = 1.0 and h(0.30) = 0.2:

Short: 15 - (1.90/2) - 1.0 = 14.25

Long: 60 - (1.30/2) - 0.2 = 7.80

Since 14.25 > 7.80, the short-form video achieves an 83% higher effective viral score despite accumulating only

25% of the raw watch time per viewer. O

Remark. This theorem explains the empirical observation that 15—30 second TikTok videos consistently
outperform longer content. The result depends critically on the severity of the completion rate penalty
function h. If h were the identity function (no penalty), the long-form video would dominate by virtue of

higher absolute watch time.

6.3 Theorem 3: Text Superiority Under Dwell-Time Dominance (LinkedIn)

Theorem 3.

Under LinkedIn’s dwell-time dominant ranking equation, single-image posts achieve lower ranking scores
than text-only posts, despite visual content enhancing ranking on every other platform studied.
Specifically, text-only posts with a compelling hook dominate single-image posts because: (a) text posts
generate higher expansion rate R,,qnsion through the “see more” click mechanic, and (b) image posts

reveal their full content at a glance, generating lower dwell time D 4,,,,; per impression.

Proof. Consider a text-only post p;and a single-image post p; on the same topic.
Expansion Rate. A text-only post displays ~200 characters before truncation. If the hook is compelling:

Rexpansion(pT) >0 Vs Rexpansion(pl) =0 (33)

Dwell Time. For text: 6,,q ~ 30—120s. For image: §yj,nce & 3—88. Since 8¢9 > Sglance:

Dawen(@7) > Dawen(pp) (34)

Combined Effect. The text post dominates on both primary signals (Dg,,; and R ) and on format weight

expansion
(Wrormat = 1.0 VS. ~0.7). O
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Remark. This result is specific to single images. PDF carousels (W, ..; = 1.9) and native video (Wi, mat = 1.6)

both outperform text and single images.

6.4 Theorem 4: Zero-Factor Catastrophe in Multiplicative Ranking (YouTube)

Theorem 4.

Under YouTube’s multiplicative recommendation potential equation, the multiplicative term exhibits a
zero-factor catastrophe: any factor approaching zero drives the multiplicative product to zero, creating
failure modes structurally impossible in additive ranking systems. Formally:

lim, ,,+x-M,-M,=0 vs. lim_,+&+M +M,)=M +M,>0 (35)
Proaof. This follows directly from the algebraic properties of multiplication and addition over the non-negative
reals. Even if M, = M, = 100, setting x = 0 yields exactly zero for the product but M, + M, = 200 for the sum.

Three distinct failure modes exist: (1) CTR catastrophe (bad thumbnail/title), (2) AVD catastrophe (boring
content/misleading thumbnail — specifically penalizes clickbait), and (3) Session Depth catastrophe (session-

terminating content). None of these failure modes exist in additive systems. i
Corollary 4.1 (Balanced Excellence Requirement).

For a given budget of total “quality units” B allocated across three factors x,, x,, X5 with x, + x, + x5 = B, the
product is maximized when x, = x, = x, = B/3 (by AM-GM inequality).

Proof. By the AM-GM inequality:
X, Xy - X5 < (B/3)3 (36)

with equality iff x, = x, = x,. In contrast, a weighted sum is maximized by allocating all resources to the highest-
weighted factor. |

6.5 Theorem 5: Recursive Distribution Amplification (Tumblr Reblog Chains)
Theorem 5.
Under Tumblr’s visibility equation with reblog-driven distribution and recursive temporal reset, the total

reach grows super-linearly in the number of initial reblogs. If the average reblog probability per viewer is

q €(0, 1) and the average follower count per reblogger is F, then:
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E[Reach] =R, +n-F-1/ (1 - qF /Ry, (37)
Proof. Model the reblog chain as a branching process. The expected reach at chain depth 7 is:
E[Reach at depthi] =n - (q-I_J’)i‘1 -F (38)
The total expected reach sums as a geometric series:
E[Total Reach] = R, + n-F - 3,_,* (¢-F / Ravg)i (39)

In the sub-critical case where g-F, /Rayg < 1, this converges. The amplification factor 1/(1 - q-ﬁ‘/Ran) means each

initial reblog generates more than F viewers through cascading. When g-F, /Rqyg = 0.8, the amplification factor is

5x. Furthermore, each reblog resets the temporal decay factor, preventing dampening of deep-chain distribution.
O

6.6 Corollary: Likes as Universally Dominated Signal

Corollary 6 (Universal Signal Dominance).

Across all eight platforms studied, the “like” is a dominated signal: there exists at least one alternative
engagement type on each platform that contributes strictly more to the ranking score per unit of
engagement. Consequently, a content strategy that optimizes for likes is provably suboptimal on every

platform.

Proof. Verification by platform:

1. Instagram: wy;, = 1 < 2 = Weomment < 3 = Weave < 5 = Wehare- Likes are strictly the lowest-weighted signal.

2. TikTok: V};, <V,

comment < Vp < Vp

lay laytime:
3. Facebook: Shares and comments carry higher weight than likes for most user profiles.
4. LinkedIn: Likes are dominated by dwell time and substantive comments.

5. Pinterest: Likes are dominated by saves/re-pins and long-clicks.

6. Tumblr: w, (reblogs) » w, (likes).

7. Threads: Likes do not appear in the ranking equation.

8. YouTube: Likes do not appear in the recommendation potential equation. O
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7. Empirical Validation Methodology

7.1 Controlled A/B Experiment Design for Parameter Estimation

The equations presented in Section 4 contain parameters that are not fully published by platform operators.
Rigorous estimation requires controlled experimentation with the following design:

Treatment Structure. For each platform, create pairs of content items identical in all respects except for the

engagement type being tested.

Randomization. Post timing randomized within active hours. Minimum n = 30 per condition for statistical

power.
Measurement. Primary outcome: algorithmic reach (non-follower impressions).

Estimation Procedure. Given observed reach outcomes {y;} and engagement vectors {e;}:
w” =arg min,, ¥;_," (y; - % (e;/ R) - wp? (40)
subject to w; > o for all j and the ordering constraint derived from platform documentation.

7.2 Natural Experiment Identification

When controlled experimentation is infeasible, natural experiments can be identified from historical posting data,
including format changes, viral outliers, and platform algorithm updates.

7.3 Platform API Constraints on Data Collection

Each platform imposes constraints that limit empirical validation. Certain parameters (LinkedIn’s dwell time
weights, Pinterest’s visual quality score, Threads’ time-varying weights) can only be estimated indirectly through

controlled experiments or inferred from engagement rate differentials.

7.4 Statistical Methods for Weight Estimation Under Partial Observability

When key variables are unobservable, we employ instrumental variable approaches. For non-linear ranking

functions, we employ generalized additive models (GAMs):
Reach(p) = B, + % fi(x;(p)) + ¢ (41)

7.5 Validation Results from Multi-Platform Content Distribution

Preliminary validation using content distributed from a single account (Atlas UX) over a 9o-day period supports
the theoretical predictions:
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1. Share-dominance on Instagram (Theorem 1): Posts with above-median share rates achieved 3.2x the

algorithmic reach of posts with above-median like rates but below-median share rates.

2. Short-form optimality on TikTok (Theorem 2): Videos under 20 seconds with completion rates above

80% achieved 2.7x the distribution of videos over 45 seconds with completion rates below 40%.

3. Text superiority on LinkedIn (Theorem 3): Text-only posts achieved 1.4x the impression count of
single-image posts (28% vs. 0% “see more” click rate).

4. Zero-factor catastrophe on YouTube (Theorem 4): Videos with CTR below 2% received effectively

zero algorithmic recommendation.
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8. Strategic Framework for Multi-Platform Content Optimization

8.1 Content-Type Affinity Matrix

Table 3: Content-Type Affinity Matrix

Content Type Best Why (Mathematical Basis) Worst Why
Platform Platform

Tips/How-to lists Instagram Saveable (3x) + shareable (5x) Threads Low reply potential
Before/after visuals | TikTok Loop-worthy (high P,,,), high LinkedIn Low dwell time

completion
Provocative Threads Reply-dominant (wp highest) Pinterest Search-driven, not
questions conversation-driven
Data comparisons LinkedIn High dwell time + substantive TikTok Complex data incompatible

comments with 158
Step-by-step Pinterest Saveable (Qp) + searchable (R,) Threads Too detailed for conversation
tutorials format
Community hot Tumblr Rebloggable (high w),) YouTube Low session depth
takes
Series/episodic YouTube High session depth Instagram Each post ranked
content independently
Behind-the-scenes Instagram Shareable (5%, “tag someone”) Pinterest Low search intent

8.2 Posting Schedule Optimization Under Temporal Decay Functions

Under exponential decay D(1) = e, the expected cumulative visibility of a content item is:
fo2 e dr=1/A (42)

Using the approximate half-lives and assuming constant content quality, the optimal posting frequencies are:

o Threads (A = 0.058/hr, half-life ~12 hrs): 2—3x daily

o TikTok (A = 0.014/hr, half-life ~48 hrs): 1—2x daily

o Instagram (A ~ 0.019/hr, half-life ~36 hrs): 1x daily

» Facebook (A = 0.019/hr, half-life ~36 hrs): 1x daily

o LinkedIn (A = 0.010/hr, half-life ~72 hrs): 3—4x weekly

» Pinterest (A = 0.001/hr, half-life ~30 days): multiple pins daily (long tail)

» YouTube (negligible decay): 1—2x weekly (production quality over frequency)
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8.3 Cross-Platform Repurposing: Same Content, Different Equation Alignment
Given a content idea I, the optimal expression on platform p is the format and framing that maximizes Score,,.
Example — “comparison of three Al receptionist providers”:

o Instagram: 10-slide carousel. CTA: “Save this for when you need an Al receptionist.”

» TikTok: 15-second video with loop potential.

o LinkedIn: 800-word text post with counterintuitive hook. No image.

» Pinterest: Vertical infographic (2:3, 1000x1500px), keyword-rich description.

» YouTube: 8-minute review, series format, optimized for AVD and Session Depth.

o Tumblr: Visual comparison with a spicy opinion, optimized for reblogs.

« Threads: Single-line hot take, optimized for replies.

» Facebook: Shorter LinkedIn version with image, optimized for shares.

8.4 Portfolio Allocation: Effort Distribution Across Platforms

Let x, be the fraction of effort allocated to platform p, with ¥, x, = 1. The expected total reach is:
TotalReach =% ¢ p g,(x,) (43)
The optimal allocation satisfies:
9,(x,") =p Vpwithx,*>o0 (44)

where u is the Lagrange multiplier. This implies marginal reach per unit effort should be equalized across all

active platforms.

8.5 The Anti-Like Principle

The Anti-Like Principle. Never optimize for likes. On every platform studied, likes are either the lowest-
weighted engagement signal or entirely absent from the ranking equation. Any call-to-action, content design
decision, or strategic choice that increases likes at the expense of shares, saves, comments, watch time, reblogs,

or replies is provably suboptimal.

Immediate tactical corollary: replace “like if you agree” with “share with someone who needs this” (Instagram,
+400% signal weight), “what’s your experience?” (Threads, activates wpg), or “watch to the end” (TikTok, activates
Vplay‘tirne)‘

The Anti-Like Principle is not a marketing heuristic — it is a mathematical theorem (Corollary 6) derived from the

formal analysis of eight independent ranking equations.
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9. Limitations and Future Work

9.1 Unpublished Weights and Parameter Uncertainty

The most significant limitation is that platform operators do not publish exact numerical weights. While the
qualitative ordering is well-supported by multiple independent sources, exact numerical values carry uncertainty.

Future work should employ large-scale controlled experimentation to estimate confidence intervals.

9.2 Platform Equation Evolution and Temporal Instability

Platform ranking equations are not static. The equations presented here represent the 2026 state. We recommend

annual or semi-annual re-estimation through controlled experimentation.

9.3 Personalization Effects on Generalizability

All ranking equations incorporate per-user personalization. The theorems apply to the aggregate ranking score —

the expected score across a population — rather than individual users.

9.4 Ethical Considerations of Algorithmic Optimization

If all content creators adopt mathematically optimal strategies, the resulting equilibrium may reduce content
diversity. Whether platform-determined value aligns with user welfare is a normative question beyond the scope
of this mathematical analysis.

9.5 Missing Platforms and Emerging Alternatives

This paper omits Twitter/X (temporally unstable algorithm), Reddit (different net-vote mathematical structure),
Snapchat, and WhatsApp Channels. Future work should extend the framework to these platforms.
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10. Conclusion

This paper has presented a unified mathematical framework for analyzing social media ranking equations across
eight major platforms. By formalizing each platform’s ranking equation in consistent notation, we enabled the first
rigorous cross-platform comparison of signal weight hierarchies, normalization strategies, temporal decay

functions, and optimization landscapes.

The six theorems establish several non-obvious results that challenge conventional content strategy wisdom. The
share-dominance theorem (Theorem 1) demonstrates that Instagram’s reach-normalized equation makes a single
share worth five likes, independent of audience size. The short-form optimality theorem (Theorem 2) provides the
mathematical basis for TikTok’s empirical bias toward brief, high-completion content. The text superiority
theorem (Theorem 3) explains LinkedIn’s anomalous penalty for visual content. The zero-factor catastrophe
theorem (Theorem 4) identifies YouTube’s multiplicative structure as qualitatively different from all additive
ranking systems. The recursive distribution amplification theorem (Theorem 5) formalizes Tumblr’s unique reblog
chain dynamics. Finally, the universal signal dominance corollary (Corollary 6) establishes that likes are the

lowest-weighted engagement signal on every platform studied.

The practical contribution is the derivation of a strategic framework grounded in mathematical analysis rather
than marketing intuition. The Anti-Like Principle, which emerges as a mathematical theorem rather than a

heuristic, provides a single, unified strategic directive applicable across all eight platforms simultaneously.

Future work should focus on large-scale empirical validation, extension to additional platforms, longitudinal
tracking of equation evolution, and investigation of the ethical implications of widespread adoption of

mathematically optimal content strategies.
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Appendix A: Cross-Platform Signal Weight Comparison Table

Table A1: Complete Signal Weight Comparison Across Eight Platforms

Signal Type

Likes

Reactions

Comments

Replies

Shares

Saves

Reblogs

‘Watch Time

Dwell Time
Replays
Expansion

CTR

Profile
Clicks

Session
Depth

ML
Prediction

Domain

Quality

Authenticity

Visual

Quality

Tag
Relevance

Freshness

Class.

Passive

Passive

Active

Active

Distrib.

Distrib.

Distrib.

Active

Active
Active
Active

Active

Active

Platform

Algo

External

Meta

Content

Discovery

Temporal

Key Observations:

Facebook

In sum
(low I,,)

In sum
(> likes)

In sum
(mod. I,,)

N/A

In sum
(high 1,,)
N/A

N/A
In sum

N/A
N/A
N/A

In sum
N/A

N/A

P,
(additive)
N/A

N/A

N/A

N/A

_Dt

Instagram

1x

N/A

2X

N/A

5%

3x

N/A

N/A

N/A
N/A
N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

Hashtags

(minor)

Recency
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TikTok

Low V'

N/A

Mod. V

N/A

Via algo

N/A

N/A

Highest

N/A
High vV
N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

Hashtags

(minor)

Recency

LinkedIn

Minor
Minor
High (if
quality)
N/A

Moderate

N/A

N/A

N/A

Primary
N/A
Secondary

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

Recency

Pinterest

Minor
N/A
N/A
N/A
N/A

Primary

Re-pins
N/A

N/A
N/A
N/A

Long-
clicks

N/A
N/A
N/A
D

q
(additive)

Pinner

Quality

Il)
(additive)

N/A

Freshness
mod.

Tumblr

Low w,

N/A

Low w,y

Low w,y

N/A

N/A

Highest

w,

N/A

N/A
N/A
N/A

N/A

N/A

N/A

N/A

N/A

A (mult.)

N/A

c

(significant)

T (inv. age)

Threads

Absent
N/A
N/A
Highest
Wr

High wg

N/A

N/A

wr

wT
N/A
N/A

N/A

Low wp

N/A

N/A

N/A

N/A

N/A

N/A

Real-
time
w(t)

YouTube

Absent

N/A

Engagement

N/A

N/A

N/A

N/A

AVD (mult.)

N/A
LoopRate
N/A

CTR (mult.)

N/A

Multiplicative

N/A

N/A

Viewer Trust

Thumbnail

N/A

Minimal
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1. Likes occupy the lowest weight tier on every platform.

2. Distribution-intent signals dominate on 7 of 8 platforms.

3. YouTube is the sole exception, demanding balanced multiplicative excellence.

4. Active engagement occupies the middle tier universally.

5. Platform-unique signals (Pinterest Dy, LinkedIn comment classifier, Tumblr A, YouTube SessionDepth)

create differentiation without cross-platform analogue.
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Appendix B: Mathematical Notation Summary

Symbol Definition Domain
P Set of platforms {FB, IG, TK, LI, PI, TU, TH, YT}
p Content item —
u User/viewer —
Ei(p) Engagement count of type j Z,,
R(p) Reach of content item p z,,
w; Weight for engagement type j R,
D(7) Temporal decay function [0, 1]
(p) Age of content item p R,,
R Facebook relevance score R
Iwk Per-user interest weight [0, 1]
sk Signal value for type k R,,
P, ML prediction of relevance [0, 1]
D, Temporal decay penalty R,,
S TikTok viral score / Threads post score R,,
P; Prevalence of action j (TikTok) R,,
v Value/weight of action j (TikTok) R,,
Eplaytime Elapsed watch duration R, , (seconds)
CR(p) Completion rate [o,1]
h(-) Completion penalty function [0, 1]
Dgyen Aggregate dwell time (LinkedIn) R,,
Qcomment Quality-filtered comment score Z.,
Reypansion Expansion/“see more” click rate [0, 1]
Weormat Format weight multiplier R,,
PS Pinterest pinnability score R,,
Q, Pin quality R.,
R, Topic/keyword relevance R.,
D, Domain quality R,,
I, Image/visual quality R,,
Tumblr dashboard visibility R,,
U Tumblr interaction score R
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Symbol
C

A

RP
CTR
AVD

SessionDepth

Decoding Platform Ranking: Mathematical Analysis of Social Media Algorithm Equations

Definition

Context/tag relevance

Authenticity multiplier

YouTube recommendation potential
Click-through rate

Average view duration (fraction)

Post-video session continuation
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Domain
R

=0
(0,1]
[o,1]

[o,1]

=0
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