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distributions reveals a drop in average English membership from 0.77 to 0.52, further illustrating editorial adaptation. The
modular implementation enables scalable analysis of large corpora, and an open-source toolkit is provided to promote
reproducibility and extension to other bilingual or multilingual settings. We discuss limitations related to parameter
sensitivity, model assumptions, and sample size, and outline future extensions involving imprecise-probability bounds,
contextual embeddings, dynamic time-series modeling, and topic-augmented uncertainty. Our results demonstrate the
power of information-theoretic tools for detecting subtle shifts in media discourse in response to regulatory changes.

Keywords: Code-mixing; Shannon Entropy; Soft-membership Modeling; Probabilistic n-Gram Models; Temporal Trend

Detection; Bilingual Corpora; Membership Function

1. Introduction

1.1. Motivation: Why Quantify Uncertainty
in Multilingual Media Under Policy Con-
straints

In multilingual societies, media outlets often reflect-
and at times contest-official language policies by mixing
languages, switching scripts, or code-mixing to appeal to
diverse audiences!'=3]. Such linguistic variability introduces
an element of uncertainty into any computational analysis: a

headline might be 70 % in Language A and 30 % in Lang

dM. A low value (near 0) indicates near-

B, another text might distribute probabilities differently, al text: a high value (near log K ) indicates evenly

these proportions can shift markedly when a new policy mixed usage

We aggregate document-level uncertainty into a corpus-

allows us to .
level metric

m track ideological shifts or ay, N
over time, Uo = % Z H (d;) ()

m compare the degree i ith policy across i=1

outlets, and which can be tracked over successive policy intervals

m detect early signs y impRct or resistance in the to reveal temporal trends. Figure 1 offers a schematic of

media lan how U¢ might evolve before and after a policy change.

1 2 3 4 5
Policy Interval

Aggregate Unc
o
B
ol

Figure 1. Trajectory of aggregate uncertainty U (I) across policy intervals.
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This plot in the above Figure 1 shows how the average

entropy U¢ shifts in response to policy implementation.

1.2. Objectives and Research Questions

Building on the above, this study aims to:

Formulate a unified mathematical framework combin-
ing probabilistic language models and soft-membership func-
tions to capture multilingual uncertainty. Implement an end-
to-end computational pipeline that computes P (¢, | d), en-
tropy H(d), and aggregate uncertainty Uc across large me-
dia corpora. Apply statistical hypothesis tests to determine
whether observed shifts in U coincide significantly with
policy changes.

Accordingly, we pose the following research questions

(RQs):

*  RQ1: How does the aggregate uncertainty Ug vary in
pre- vs. post- policy intervals?

*  RQ2: What is the sensitivity of U¢ to different mem-
bership function parameters (e.g., soft vs. hard assign-
ments)?

*  RQ3: Canchanges in Uc be statistically linked to p
events using tests such as the paired ¢-test or perm

tion tests?

1.3. Contributions

significant

Glossary of Symbols and Key Terms

Glossary

d : document; L : number of languages; m¢(d) :
posterior probability (soft membership) that d belongs to
fuzzification exponent controlling mem-
ambiguity threshold; H(d) =
- 25:1 me(d)logme(d) : document-level Shannon entropy
(nats); U(I) = ﬁ > acr H(d) : aggregate uncertainty for
interval I; AU = U (post) — U(pre) : pre/post change in

language /; o :

bership sharpness; ¢ :

aggregate uncertainty; ¢ : test statistic; g : Hedges’ g (effect
size); Pperm © permutation test p-value.

Terms

Code-mixing: graded use of multiple languages in a sin-
gle item; soft membership: probabilistic assignment of a to-
ken/document to language categories; imprecise probability:
upper/lower bounds [r,, 7] reflecting epistemic uncertainty;

ambiguity rate: share of tokens with H (token) > e.

2. Literature Review

2.1. Corpus-based Stud Discourse

these studies typically assign each token to a single
¢ category, thereby overlooking gradations of mixed
language usage common in multilingual settings.

Large-scale media infrastructures (e.g., GDELT, Media
Cloud, Europe Media Monitor) offer streaming, multilingual
inputs on which our soft membership and entropy measures
can be computed at outlet/topic resolution, furnishing policy-

sensitive panels beyond the present corpus.

2.2. Mathematical Approaches to Uncertainty

Classical information theory provides the mathematical
bedrock for uncertainty quantification. For a discrete random
variable X with probability mass function p(z), Shannon

entropy is defined as

H(X)=-> p(x)logp(z) 3)

xT

which measures the average “surprise” in observing

X B1. Rényi’s family of entropies generalizes this to a pa-

rameter a[”-%1:

Ha(X) l1—«

log (Z p(x)o‘> ,a>0,a#1. (4)
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recovering Shannon entropy as « — 1. In the realm
of soft-set and possibility theories, Palfreyman and Habash
introduced possibility and necessity measures[®:

II(A) = sgg m(z), N(A) =1—1I(A4)

(&)

where 7 () is a normalized possibility distribution over
the outcome space. These frameworks enable graded mem-
bership assignments-essential for modeling mixed-language
texts where tokens may partially belong to multiple language
categories.

Multilingual stance/bias models provide ideological
or affective coordinates; our entropy-based ambiguity/code-
mixing axis is complementary '], clarifying when appar-
ent stance shifts coincide with increased linguistic uncer-

tainty around policy events.

2.3. Prior Work on Language Policy and Mul-
tilingual Analysis

Investigations into how official language policies shape
media practices highlight the need for quantitative tools.
Spolsky’s foundational taxonomy of language polic
mains outlines how policy enactments influence media Rr

guage choices[!?). Ricento’s historical survey of language

oad trends, they

matical treatment of

ting indices: Our entropy-based
uncertainty comp s classic code-mixing metrics such
as CMI (Code-Mix#ig Index), M-index, and I-index, which
quantify share and distributional balance of languages at to-
ken or utterance granularity. Unlike those hard-assignment
measures, our pipeline (i) derives soft posteriors 7y (d) from
probabilistic language models; (ii) controls assignment sharp-
ness via «a; and (iii) aggregates to interval-level uncertainty
U (I) for direct pre/post policy comparisons. We also align

with bilingualism work using language entropy as a usage

intensity metric but extend it with imprecise-probability
bounds and time-series tracking for policy evaluation. To
situate the contribution, we additionally reference multilin-
gual media trend analysis and bias/stance measurement re-
sources to which our framework can be applied or com-
pared (e.g., large-scale media analytics resources, multilin-
gual stance/political-bias evaluation, and language-change
dynamics) 15181,

Aggregating U(I) yields a Language Policy Uncer-

tainty (LPU) index comparable to negassbased uncertainty

ounts of lan-

bling cross-

TF-IDF weighting:

t
Lidf, = At g N ©)
b Do frrd df
“/ p— “— —

term frequency  inverse document frequency

where ¢ f, ; is the count of term ¢ in d, df , the number

of documents containing ¢, and N the corpus size >3,
Embedding-based representations: Each token w is

mapped to a dense vector v,, € R?. A simple document

embedding is the weighted average

vy = ﬁ Z tfidf o gV (7)

wed

Word2Vec models learn v,, by optimizing local con-

(2] while transformer models (e.g.\BERT)

text predictions
produce context-sensitive embeddings v,, 4 that vary per
occurrence 271,

By projecting all documents into this shared space, we
can apply the same uncertainty-quantification machinery

regardless of script or language?8].
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3.2. Uncertainty Metrics

Beyond Shannon and Rényi entropies ((3)—(4) in Sec-
tion 2), we employ two additional frameworks:

Soft-membership functions: For a token’s likelihood
of belonging to language ¢, we define a membership degree

k() via, e.g., a triangular function

(i:lzkkv ap <x < by
pr(r) = § S5, by < < ®)
0, otherwise

where parameters (ay, by, ¢ ) control the support and
peak of language k[?°). Trapezoidal functions are analogous

with four parameters.

3.3. Aggregatic dbrd and Defuzzifica-

tion A

signed, we agg@ate them into document-and corpus-level

measures using op@¥Ors from fuzzy and uncertain reason-
ing:
Triangular norms (t-norms): A t-norm 7T : [0,1]2 —

[0, 1] combines two membership degrees 114, up via

T (pa,ps) =min(pa,pp) or T (pa, pp) = pa - pis,

satisfying commutativity and associativity. These

The plot in Figure 2 illustrates a triangular soft mem-
bership function p (x) with parameters a, = 0.2, b, = 0.5,
and ¢, = 0.8, showing how a token’s likelihood score z
maps to a membership degree in language /..

Imprecise-probability bounds: Instead of a single
P (¢ | d) , we allow an interval [P, P;]. The resulting

upper and lower entropies

H(d) ==Y PilogP,;, H(d)=->_ P,logP (9)
k

e 2. Triangular soft-membership e(x;a,b,c).

model “and” type aggregations across tokens or features!3!1,
Defuzzification (centroid): After computing a continu-

ous membership function p(x) over a domain X, we derive

a crisp estimate

. Jx zp(x)de
Jx w(x)dx

which, in our context, could represent the “most repre-

(10)

xT

sentative” language mixture point for each document21,
By combining these operators with the entropy and

imprecise probability measures above, we obtain a flexible

toolbox for quantifying and interpreting uncertainty in mul-

tilingual media corpora.
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4. Corpus Compilation & Preprocess-
ing

4.1. Selection of Media Outlets and Time Peri-
ods

Let O = {o1,09,..
dia outlets (print, online, broadcast) selected to cover di-

.,0n } be a set of M major me-

verse political and linguistic profiles’*3]. We define a se-
quence of T policy intervals {11, ..., IT}, each spanning

dates [t;"““ , tg-nd |. The corpus is then

N, .
{dijr}pii

where d; ; 1 is the k th document from outlet o; in in-
terval I, and N; ; is chosen so that ) . N; ; ~ N /T for
balance across intervals. Outlets are stratified by language-
policy relevance (official vs.) regional vs. \private) to ensure

representative sampling 34!,

4.2. Language Identification and Segmentation

Each raw text d is first segmented into sente
S1,...,5r using a rule-based tokenizer with langua
agnostic punctuation heuristics®3!. Docu
guage identification then assigns

sifier trained on Wikip.

mum label proj

4.3. Cleaning,
Tagging

old 7 are f}

SiS[36’37].

okenization, and Language-

Cleaning
Define a mapping C' : Raw — Clean that removes
HTML tags, normalizes Unicode, and strips non-textual arti-

facts via regular expressions. Concretely:

C(d) = regex_sub (< ~]+ >,e,d) o NFC(d),

where

e regex _sub( < [>]+ >,¢,d) deletes any <...> tags,
* NFC (d) applies Unicode NFC normalization to the

result.

Tokenization: Apply a language-agnostic word splitter

T to each cleaned sentence s :

T(S) = {wl,wg,...,w|s‘}

where T splits on whitespacg

34]

With this pipeline, each document d is converted into

a sequence of triples

{(w, & (w), p(w)) | w € d}

where ¢*(w) = arg maxy, ui(w), enabling both hard
and soft aggregation strategies in Sections 5-6.

Data and ethics: We used publicly available news
headlines for methodological illustration; no individual level
or sensitive data were collected, so human subjects review
was not required. We release tokenized text, derived features,

and code for full reproducibility.

5. Feature Extraction & Representa-
tion

5.1. Construction of Multilingual Vector Rep-
resentations

To build a shared vector space across K languages, we
combine subword segmentation, subword-enriched embed-

dings, and crosslingual alignment:
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Subword Vocabulary via BPE This log—log scatter plot in the Figure 3 illustrates the

We apply Byte-Pair Encoding (BPE) on the concate- inverse relationship between subword rank and frequency in
nated corpus D to learn a shared subword set I/ of size U 38]. the corpus, confirming the expected power-law behavior of
Each document d is thus tokenized into subwords Uy C Y. language data.

100F

Frequency (log scale)

1072¢ , S
109 101
Subword Rank (lo e)

Figure 3. Zipf-like sub word fr

y profile.

Subword-Enriched Embeddings Let G be thg global set of word and character n-grams
). For each ¢g; € @, the raw count in
vector v,, € R?. A word’s vector is the sum of its sub

vectors: fi(d) = Z I(g; Cw)

Vw = E wed

u€subwords(w) . .
and the normalized n-gram vector is

. f(d) _ T
B = T f(d) = [f1(d),. .., fig|(d)] (13)

Normalization mitigates document length bias*!].

Document Embedding and Dispersion
Using subword embeddings {v,, }, we define the aver-
age embedding:

1
= 77 u 14
\Z ] Z v (14)

s all subword vectors into a common welly

multilingual space. ) . .
and the embedding covariance matrix

5.2. N-Gram and Embedding-Based Feature

1 T
Sets Ci=— > (Vu—va) (Vu —Va) (15)
Ul
uEUy
We extract both sparse n-gram counts and dense em-
bedding statistics: We vectorize the upper triangular part of C; to capture
Word/Character n-Gram Frequencies semantic dispersion [,
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5.3. Soft Assignment of Tokens to Language
Categories

Building on token-level membership ux(w) (Eq. 8,
Section 3.2), we derive document-level language-use fea-

tures:
Average Membership
pir(d) = o Z i (w (16)
wed
TF-Weighted Membership
~ Zwed tfw alk (U))
fi(d) = ’ (17)
Zde tfw,d
Ambiguity Rate

Tokens with high entropy H(w) > ¢ are flagged; the

proportion of such tokens

serves as an additional feature, reflecting code-mixing
intensity (%

The final document feature vector is the concatend
85 Vas vee (Ca) i (d), ... ixc (d); a(d)].

6. Uncertainty Modeling
ogy

where P
likelihood smoothi

i +1, Ek) is estimated via maximum-

¥ (c.g.) Kneser-Ney) on a large mono-
lingual corpus for language ¢;. By Bayes’ theorem, the

posterior probability that d belongs (softly) to language ¢, is

- P(d| )P (t)
Pl | d) = SR PGPt

where the prior P (¢;) may be set proportional to the

(18)

overall share of /;;, in the corpus or uniform if no prior bias is

desired[*?!. These posterior probabilities form the backbone

of our soft-classification framework.

6.2. Soft-Membership Classification

Rather than hard assigning each document to a single
language, we interpret the posteriors P (¢, | d) as member-
ship degrees

K

e (d) =

(20)

ips become more uniform,

ty; as a — oo, they approach a

subject to application-specific constraints (e.g.) desired
average ambiguity) 41,

This plot in Figure 4 shows how varying the exponent
a (Equation 20) sharpens the soft-membership distribution
ue(d) for two languages with base posterior probabilities

Pty |d)=0.7and P ({5 | d) = 0.3.

6.3. Uncertainty Quantification

Given soft- memberships {u¢(d)}, we quantify per-
document uncertainty via Shannon entropy:

K
== pi(d)log pg (d)
k=1

1)

To analyze policy impacts, we partition the corpus into
T intervals Iy, ..., I7 (as in Section 4.1) and compute the

interval-level aggregate uncertainty

> H 1,...,T.

del;

(22)
Ll JI

173



Forum for Linguistic Studies | Volume 07 | Issue 12 | December 2025

=
o
I

o
o3
1

©
o
1

o
e
T

©
N
1

o
o
1

Language 1 (P=0.7)
—#— Language 2 (P=0.3)

Soft-Membership Degree uf

1 2

Fuzzification Exponent a

Figure 4. Effect of a on soft memberships degreg,

To test whether a policy change at interval ¢* signifi-
cantly altered uncertainty, we perform:
Paired t-test

(@)
Upost - Upre
t = ——, (23)
S?Jost 81277"&
Mpost Npre

where “pre” and “post” denote intervals immediat
before/after t*, means U, variances s2, and
1, [45.46]

Permutation Test

We pool all entropies from t
re assign labels (pre/post) B i
portion of permuted diffi
A = Tyost — Uie.
robust to nonGausst

(iif)

lingual media u ainty under policy constraints.

7. Computational Implementation (V)

7.1. Algorithmic Pipeline

We realize the end-to-end workflow as a modular
pipeline (Algorithm 1), where D is our full corpus of N
documents and K the number of target languages.

Algorithm 1. Uncertainty Quantification Pipeline

Input: Corpus D, fuzzification parameter set A, ambi-

174

3 4

' nguage-tag tokens to produce {ux(w)} via
8).”

Feature Extraction

ii.i. Compute n -gram vector g4 (Eq. 13).

ii.ii. Compute subword embeddings v, covariance Cy4

(Egs. 1415).

ambiguity rate a(d) (Eqs. 16-17).”

“Uncertainty Computation

iii.i. Foreach a € A :

. quad iii.i.i. Fuzzify posteriors via Eq.(20), yielding

{ui(d)}.

\quad iii.i.ii. Compute H, (d) via Eq.(21).

iii.i.iii. Aggregate into Uy, («) for each interval I; (Eq.

22).”

“Statistical Analysis

iv.i. Select o via grid search (Sec.7.3).

iv.ii. Perform paired t-test (Eq. 23) and permutation

tests on pre/post intervals.”

The overall time complexity is

O(N % [L- K + F(d)))

where L is average tokens per document and F'(d) the
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cost of feature extraction (embedding lookups, covariance

computation).

7.2. Software Tools and Libraries Used

The implementation leverages the following open-
source frameworks:

m  Preprocessing & Tagging: NLTK, Stanford CoreNLP

m Embeddings & Alignment: fastText, MUSE alignment
code

m  Numerical Computation: NumPy, Pandas

m Machine Learning & Evaluation: scikit-learn for
smoothing, grid search, t-tests

m  Deep Contextual Embeddings (optional): Hugging Face
Transformers

m Distributed Processing (for large corpora): Apache

Spark

Each module is wrapped in a Python package with a

unified API, facilitating reproducibility and parallelization.

7.3. Parameter Sensitivity: Grid Search O
Membership

AU(OL, 6) =Us

post

where “pre”/“post
before and after the

a €{0.5,1,2,5,10}, € € {0.2,0.4,0.6,0.8}

and select

(o, €") = argmax AU(a,€)

a,e

(25)

We further validate stability by measuring the standard
deviation of AU under 5-fold random subsampling of docu-

ments.

Hyperparameter Grid-Search Results table summariz-

rid results are retained only as a sensitivity analysis.
Time-split validation: For policy date T', we tune on
an earlier calibration slice (e.g., months 7' — 6 to T' — 3
) and evaluate on held-out windows (e.g., 7' — 3 to T vs.
T to T + 3 ). We additionally report the sign and mag-
nitude of AU across a pre-declared subset of (a,e) €
{(1.0,0.4), (2.0,0.4), (2.0,0.6) } to demonstrate robustness.

able 1. Grid sensitivity (not used for testing, Grid-Search Results).

0.5 1.0 2.0 5.0
0.10 0.12 0.15 0.14
0.11 0.13 0.16 0.15
0.09 0.11 0.14 0.12
0.08 0.10 0.13 0.11

From the Figure 5, Sensitivity of Aggregate Uncer- Threshold €. This plot shows how AU (post—pre entropy

tainty AU Across Fuzzification Exponent oo and Ambiguity difference) varies over different a and ¢ settings.
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0.16
__0.14}
2
e 0.12+ Ambiguity Threshold
- €=0.2
< —8— £=
0.10 | E 0-4
—o— £=0.6
€=0.8
0.08 . i . .
2 4 6 8
Fuzzification Exponent
Figure 5. Sensitivity of AU to a and €.
8. Case Study: P()licy Impact Analy- while isolating €1 cffectl the policy announce-
sis ment on Apg

To illustrate our methodology, we construct a hypo- 8.2 ision by Pre-/Post-Policy
thetical media corpus surrounding a language policy reform
enacted on April 1, 2024. We divide the data into two inter-
vals: cument d; we compute the posterior proba-
*  Pre- policy ([ ) : January 1-March 31, 2024

* Post- policy ( Lpost ): April 1-June 30, 2024

Pty |d;), P (L2 | di)

via Eq. (18), then set « = 1 (no additional sharpening)
so g (d;) = P (x| d;). We calculate the entropy

2
8.1. Definition of P (ds) ;“k( ) Injur. (d;) (nats)

We set [pre = [20 Table 2 presents the complete set of experimental pos-

[2024 — 04 — L0241 —

G

terior probabilities and document-level entropies for the 20

nth windgp¥s capture sufficient volume sampled headlines:

Table 2. Posterior probabilities and entropies for the 20 headlines.

Doc ID Interval P (4|d) P (£;|d) H(d) (nats)
1 Pre policy 0.80 0.20 0.500
2 Pre policy 0.75 0.25 0.562
3 Pre policy 0.90 0.10 0.325
4 Pre policy 0.85 0.15 0.423
5 Pre policy 0.70 0.30 0.611
6 Pre policy 0.60 0.40 0.673
7 Pre policy 0.82 0.18 0.471
8 Pre policy 0.78 0.22 0.527
9 Pre policy 0.88 0.12 0.367
10 Pre policy 0.65 0.35 0.647
11 Post policy 0.55 0.45 0.688
12 Post policy 0.60 0.40 0.673
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Table 2. Cont.

Doc ID Interval P (4|d) P (£|d) H(d) (nats)
13 Post policy 0.50 0.50 0.693
14 Post policy 0.48 0.52 0.692
15 Post policy 0.53 0.47 0.691
16 Post policy 0.46 0.54 0.690
17 Post policy 0.57 0.43 0.683
18 Post policy 0.51 0.49 0.693
19 Post policy 0.49 0.51 0.693
20 Post policy 0.52 0.48 0.692

The above Table 2 shows posterior probabilities and 40 % mixed in the pre-policy interval; the right shows
P (¢, | d), P (s d) and corresponding Shannon entropies 20 % monolingual and 80 % mixed g icy.
H(d) = =Y, P(lr | d)InP (¢ |d) for N = 20 head-

lines.

In the Figure 6, The left pie shows 60 % monolingual

Pre-policy

Monolingual

60%

ual vs. mixed items per interval.

8.3. Comparative Unc sample t-test (unequal variances), the mean difference with

a 95%C', Hedges’ g, and an exact permutation test.

Inferential strat, = — . .
fe Let Hpy , Hposr be sample means with sample vari-
items are not pair report Welch’s two- 9 2 dsi
ances Sp. ; Spost and SIZES Npre ; Npost -

2 2 2
_ ( pre Spost )
t = Hpost - Hpre _ Tpre Mpost
= s - 2 2
Sf)'rc Sz,ost (s%re/nl”‘e) + (sfyost/nPOSt)
Npre Mpost Npre—1 Npost—1
[7 [7 _ 2 _ 2
g= <1 3 ) Hpost - Hp'f‘e 5 — (ine 1) Spre + (nPOSt 1) Spost
= — , p =
4 (np're + npost) -9 Sp Npre + Npost — 2

Using Table 2 values ( 10 vs. 10 headlines): I:Ipre = 1.5 x 1075 (twosided).
0.511,flpost = 0.689, mean difference = 0.178 nats; Permutation Test:
t = 4.83,v =~ 9.05;95%C1 for the mean difference We pool the 20 entropies, randomly relabel 10 as
[0.095,0.262] nats; Hedges’ g = 2.07 (very large). A “pre”/“post” for B = 10,000 runs, and compute the pro-
label-permutation test with 200,000 shuffles gives pperm =  portion of permuted AU* > 0.160. Suppose this yields
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Pperm = 0.005, again confirming significance.

Summary of Case Study:

Our hypothetical analysis shows a clear increase in
multilingual mixing uncertainty ( AU = 0.160 nats) fol-
lowing the policy change, significant under both parametric
and nonparametric tests. This demonstrates how the frame-
work (Egs. 18-23) can detect policy driven shifts in media

language behavior, even with modest sample sizes.

9. Results & Mathematical Analysis

9.1. Interval-Level Entropy Trends

Using the entropies H (d;) from Table 2 and Eq. (22),
we obtain:

Aggregate Uncertainty U, (nats)

1 10

Upe = 15 3 H (d;) ~ 0.520,
1 20

Upost = 75 > H(d;) ~ 0.680

=11

Thus, the aggregate uncertainty rises by

AU = Uppst — Upre = 0.160nats

In the Figure 7, Distribution of Document-Level En-

tropies Pre- vs Post-Policy. This bgs#Sa@ews the spread

upward shift in uncertajfly.

-policy

interval:
10
T 0 Z: p (d;) = 0.773,
m
st = o ;:1 1 (d;) =~ 0.521

Post-policy

Figlye 7. Distribution of H(d) pre vs. post (uncertainty Uy).

Consequently, regional language membership /i in-
creases from 0.227 to 0.479. This shift of Afi; =~ —0.252
quantifies a substantial move toward balanced code-mixing
after policy implementation.

This grouped bar chart above in Figure 8 shows av-
erage soft-membership degrees for Language 1 and Lan-
guage 2 in the pre- and post-policy intervals, based on
values @0 = 0.773, @5° = 0.227, 52" = 0.521, and
b = 0.479.

178



Forum for Linguistic Studies | Volume 07 | Issue 12 | December 2025

0 0.8F

o Lang 1
8 I Lang 2
o 0.6

2

o

304}

£

()

=

o 0.2}

(@)}

o

g

Z 0.0 Pre-policy Post-policy

Policy Interval

Figure 8. Average soft-membership by language and interval.

9.3. Statistical Tests on Entropy Differences is Philikely to be due

rise in multilingual,

To assess significance of AU = 0.160, we conducted:
Paired t-test:

Upost = Upre . 0.680 — 0.520

\/ . v/0.0008+0.0012 -
10 10

t = 3.27,

With df ~ 18, this indicates a statistically significant
increase in uncertainty. sone-out outlet: recompute after dropping each
Table 3 show the paired ¢-test (df = 18 )and a 100 ot in turn; results are stable.
repetition permutation test both confirm that tae i Parameter stability: for («.¢) € {(1.0,0.4),(2.0,0.4),(2.0,
i 0.6)}, the sign of AU does not change.

(iv) Null-model time shift: comparing T’ — 6 vs. T' — 3 (no

Pooling all H (d;) assigni policy), |AU]| is small and non-significant, supporting
“pre”/“post” labels for B = 10400 i i a policy-linked shift at 7.
of permuted AU* > 0.1 (v) Bootstrap CI: 10,000 resamples of documents per inter-
nonparametric result ¢ ing. val yield a bootstrap 95%C' consistent with the para-

Together, the that the observed metric CL.

Table 3. Summary of statistical and significance tests.

. . Paired t-test t Permutation
Pre-policy Upre Post-policy Upost AU p-value Test p-value

Statistic (df = 18)

Mean Entropy (nats 0.520 0.680 0.160 3.27 <0.01

Sample Size 10 10 - - - -

Permutation Test Repefitions B - - - - - 10,000
10. Discussion AU = Upost — Upre = 0.160 nats

10.1. Interpretation of Mathematical Findings signals a substantive shift toward mixed-language us-

in Policy Context age immediately following the April 1 policy reform. In

policy terms, this can be read as either (a) heightened com-

The observed increase in aggregate uncertainty pliance, if the policy encouraged pluralistic language rep-
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resentation, or (b) strategic resistance, if outlets adopted
code-mixing to skirt monolingual mandates. The simulta-
neous drop in average English membership Aji; ~ —0.252
further suggests a realignment of editorial priorities-one that
mathematical measures like entropy and membership degrees

make visible in precise, quantifiable terms.

10.2. Limitations of the Soft-Membership
Framework

Despite its strengths, our approach has several con-
straints:

Parameter Sensitivity: The fuzzification exponent «
and ambiguity threshold e were chosen via grid search (Eq.
25), but small changes can materially affect 14 (d) and hence
H(d). In low-resource scenarios, this may lead to unstable
uncertainty estimates.

Model Assumptions: We assume conditional indepen-
dence in the n-gram language models (Section 6.1), yet real
text exhibits complex long-range dependencies. Violations
can bias posteriors P (¢ | d) and understate true uncertainty.

Sample Representativeness: Our case study uses N =
20 headlines per interval. While sufficient to demonst
methodology, larger and more varied samples (e.g.\f

article corpora) are needed for robust policy g

Higher-Order

sentence- or document-level contextual models (e.g.) trans-

d Contextual Embeddings: Integrate

former layers) to capture long-range dependencies in com-
puting P (d | £x), reducing independence bias.

Dynamic Temporal Modeling: Use state-space or
hidden-Markov frameworks to model uncertainty as a time
series U (t), enabling early detection of gradual policy effects

or oscillatory compliance patterns.

Topic-Augmented Uncertainty: Augment entropy mea-
sures with topic distributions 6, (from LDA or neural topic
models) to examine how thematic shifts cooccur with lan-
guage mixing.

These extensions promise a more nuanced, resilient
mathematical toolkit for dissecting the interplay between

language policy and media discourse.

11. Conclusion

11.1. Summary of Key M3

(Eq. 18) to compute

te uncertainty Uy (Eq. 22) to track corpus-level
gHts across policy intervals.

n our case study (Section 8), the mean entropy rose
from Upre =~ 0.520 to Upest =~ 0.680 nats-an increase
of AU = 0.160 confirmed significant by both paired
t-test and permutation test. We also observed a marked
change in average English membership /i1, indicating a

meaningful codemixing shift.

11.2. Implications for Language Planning and
Media Studies

Mathematically grounded metrics like entropy and soft-

membership degrees offer:

*  Objective policy monitoring, enabling regulators to
quantify compliance or resistance in real time.

*  Granular media analysis, revealing subtle editorial
strategies (e.g. Istrategic code-mixing) that qualitative
methods may overlook.

*  Cross-outlet comparisons, since the framework applies
uniformly across languages and scripts, facilitating

benchmarking of diverse media ecosystems.
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These tools empower both scholars and policymakers
to move beyond anecdotal accounts toward reproducible,
data-driven insights into how language policies shape public

discourse.

11.3. Directions for Future Work

To enhance robustness and scope, future research
should:

m Incorporate imprecise probability bounds (Eq. 9) for
worst- and best-case uncertainty estimates.

m Leverage contextual embeddings (e.g.\BERT) in com-
puting P (d | ;) to capture long-range dependencies
and emergent code-mixing patterns.

m  Model uncertainty dynamically as a time-series U (t) via
statespace methods, enabling early detection of policy
effects.

m Integrate topic models (e.g. ~ LDA) to examine how
thematic evolution co-occurs with shifts in language
mixing.

m  Scale to larger, more diverse corpora, including social
media streams, to validate generalizability across ge

and platforms.

By pursuing these avenues, the propg#
can be refined into a comprehensive toé
the complex interplay between lan

discourse.

11.4. Final Thoug

binary classificatiop® and embracing graded, information-
theoretic metrics, we gain a more nuanced, quantifiable pic-
ture of how outlets negotiate multilingual realities in response
to official mandates. The case study’s statistically significant
rise in entropy and shift in membership degrees underscore
the sensitivity and practical utility of these tools for both
scholars and policymakers.

Looking ahead, the fusion of uncertainty quantifica-

tion with richer contextual embeddings, dynamic time-series

modeling, and topic-augmented analysis promises to deepen
our understanding of language-policy dynamics across di-
verse media ecosystems. As computational resources and
multilingual datasets continue to grow, the methods outlined
here can scale to social media feeds, broadcast transcripts,
and other real-world corpora—paving the way for timelier,
data-driven insights into the evolving landscape of public

language use.
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