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1.5 &;KFrZE: elimination_week 5 eliminated_this week
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1.7 FWMHEARIRA] (Table 3)
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2 Data Processing and Feature Construction

2.1 Data Structure and Processing Objectives

The raw dataset consists of two components. The first component is static infor-
mation defined at the “contestant-season” level (e.g., celebrity name, ballroom partner,
celebrity_industry, celebrity_homestate,
celebrity_homecountry_region, celebrity_age_during season, results, placement,

etc.). The second component contains weekly judges’ scores, with column names

4



in the form weekX_judgeY _score. Because we must first estimate each contestant’
s weekly fan votes before addressing the subsequent questions, we reorganize the
data into a “contestant-week” panel (each row corresponds to one contestant’ s
record in a given season and week). On this panel we construct aggregated judge-
side metrics, within-week relative metrics, and elimination labels, which facilitates

subsequent consistency checks and modeling.

2.2 Cleaning Rules

(1) Treat N/A as structural missingness. N/A mainly arises from two situa-
tions: there is no fourth judge in that week (hence judge4 is missing), or the season
has fewer actual weeks (so columns beyond the season’ s actual weeks are recorded
as N/A). Therefore, we keep these entries as missing values and directly record the

number of valid judges in that week using num_judges.

(2) Treat zero scores as post-elimination placeholders and convert them
to missing. A direct inspection of the data shows that after a contestant is elimi-
nated, the remaining weeks are filled with zeros as placeholders. If zeros are treated
as genuine scores, they will distort within-week rankings and percentages after elim-
ination. We therefore uniformly convert zeros to missing values (NaN), indicating

that the contestant has no performance score in that week.

2.3 Reconstruction Procedure

Let the season be s, the contestant be 7, the week be w, and the judge index be

k € {1,2,3,4}. Denote the score by z; s, 5. We then perform the following steps:

1. Identify week—judge score columns and reshape from wide to long:
We identify columns of the form weekX_judgeY_score, parse (w, k), and form

long-format records (s, i, w, k, T; 5w k)-



2. Reshape from long to wide to obtain the “contestant—-week” panel:

For each (s,i,w), we pivot judges” scores into four columns:
judgel_score, judge2_score, judge3_score, judge4_score.

If a season has only three judges in practice, judge4_score remains missing. If
a judge column never appears in some seasons, we explicitly create that column

and fill it with missing values to ensure a consistent column structure.

3. Back-fill static information: To avoid mistakenly dropping panel records
due to missing values in static fields, we construct the panel using only the

minimal primary key
(season, celebrity name, w),

and then merge the static information back into the panel via (season, celebrity name),

thereby preserving contestant records to the greatest extent possible.

2.4 Construction of Judge-Side Features

In the panel data, for each contestant-week (i,w) we construct the following

variables:

e Number of valid judges:

4
N = E I(x; . is a valid value),

k=1

output as num_judges;

e Total judges’ score:

output as judge_total;



e Within-week judges’ rank judge rank: within the same season and week, we
rank only contestants with .J; ,, > 0 in descending order of J; ,, (ties are handled

by the minimum-rank method);

e Within-week judges’ percentage:

o Jiw
p@w - J Y
ZjeAs,w Jw

output as judge_percent.

Agw =11 | Jiw > 0},

2.5 Elimination Labels: elimination_week and eliminated_this_week

The subsequent model needs to test whether the estimated fan-vote allocation
can reproduce the true eliminations; therefore, we structure elimination information

as labels:

e If results contains “Eliminated Week X”, we directly extract X as elimination_week;

e Lor cases such as “2nd Place” and “3rd Place” that do not contain week infor-

mation, we infer the exit week using the “last week with a valid participation

> Let the maximum week of a season be

).
score.
Wy = max{w | 34 such that J;,, > 0},

and the contestant’ s last participation week be

wist = max{w | J;, > 0}.

If wt < W,, we set elimination week to w!®'; if wi*! = W, we treat

i) %
the contestant as having reached the final week and leave elimination_week

empty.
e For each panel row (i, w), define the indicator of the elimination week as
eiw = I(w = elimination week;),

output as eliminated _this _week.



2.6 Output Tables and Sorting Rules

After cleaning and feature construction, we export an Excel workbook 2026 MCM_C_clean panel we
containing two panel sheets with identical columns but different sorting orders. The

sheet panel_by_week is sorted by
(season, week, judge rank, celebrity name),

which facilitates within-week comparisons and elimination-consistency checks. The

sheet panel_by_pairkey is sorted by
(season, celebrity name, week),

which is convenient for tracing each contestant’” s week-by-week trajectory. Both
sheets start with celebrity name, ballroom partner, and season, and include
judge scores, within-week relative measures, and elimination labels for subsequent

modeling.

2.7 Identifying Controversial Contestants (Table 3)

To quantify cases where a contestant receives persistently weak judge evaluations
yet achieves a high final placement, we construct an auxiliary controversy table
table3_controversy from the cleaned panel. Let the active set in season s and

week w be

As,w = {Z | Ji,s,w > 0}, Ns,w = |As,w|-

We define a Bottom-K indicator (with K = 2 in our implementation) by
bisw = ](judge,rankmw > Ngw— K+ 1) , B;s= Z bi.sw,
w
where B; s counts the number of weeks in which contestant ¢ falls within the bottom-

K by judge ranking. We further construct a season-level judge-implied expected

placement by first computing the mean judge-share

_(J 1 J
pz(,s) = m Z pz(,s?wa



ranking contestants within season s in descending order of ﬁgf to obtain P, and

i,s

comparing it to the realized final placement P; s (i.e., placement) via

Gis= P = Py,

2,8

We restrict attention to contestants finishing near the top (P,s < 5) and flag a
contestant as controversial if B; s > 5 or G; 3 > 3. The field reason records which
threshold(s) are exceeded. To align with the problem statement and support case-
based discussion, the canonical examples (e.g., Jerry Rice in Season 2, Billy Ray
Cyrus in Season 4, Bristol Palin in Season 11, and Bobby Bones in Season 27) are

also included by construction.
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3.4.1 Seasons 1-2: rank 4+ rank
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3.4.3 Seasons 28-34: rank + rank + bottom-2 lock
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S — SR A A g b, PRI RS 20 N R 2

Fitness(6) = a- PosteriorHitProb + b- AvgPairProb + c- Margin — d - U* — e - FailRate,

(43)
Forp = FORES A /5 2P BUMABLF), FailRate J9EUE LA RIBUH Lefl. 8 4%
SRR bR I £ AR SR e (R AL, IR I8 2 bR IR AT I A DA
W B, PP (seed-once) s #RZEE X HE S W)4LZITESCILA T I
fiiE README SCRY.

4 Professional Dancer and Celebrity-Feature Ef-

fects on Judges and Fans

4.1 Data and outcomes

Let i index pairs (celebrity—professional), (s, w) index season and week, and let

A, be the set of active pairs in week w of season s.

Judges. Let J; ;. € (0,1) be the within-week judge share (judge_percent). Define

~ . J
Ji,s,w = loglt(Ji,s,w)a yis?w = z s,w ’A ’ Z Jksw (44)
S,w kE.As w

Thus y/) measures relative judge advantage within each (s, w), removing week-level

shocks.

Fans. From dwts_fan_vote_estimates_components.csv, we use the estimated vote-
share components: Pt P®) (celebrity fan-base), P (pro-fixed), and P®e)

(performance-induced). For o € {tot, x, pro} we define

]51 \5,W loglt (Pz(s)w> yi(,os),w p’L s,w ’A ’ Z Pk s,w’ (45)
CH A
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For the performance component we use a log transform (to accommodate very small

shares):

(per: er er H(per ]- ~(per
pperf) zlog(P(p f)+€>, yi(’I;’wf) _ pleerf) Z plerf). (46)

1,8,W 1,8,W 1,8,W ‘A ‘ k,s,w
swl
EAS w
s,

4.2 Explanatory factors

We include all celebrity features present in the panel: celebrity_age_during season,
celebrity_industry, celebrity_homestate, and celebrity homecountry_region.

Age is standardized:

age; , — Ag0

1,5

sd(age) (47)

age-z; , =

Industries and states are pooled by minimum frequency, and regions are top-N
pooled, yielding grouped categories ind;, state;, reg;. The professional dancer identity

is pro, (ballroom partner).

4.3 Model specification
For each outcome o € {J, tot, x, pro, perf} we fit:

yz(os)w = B age 7, + O‘i(g()i(z) + O‘iiz)ne@ + O‘EZ;@ + ’7;2@ + 8”5,(;),107 (48)

with category fixed effects o and professional fixed effects . Standard errors are

clustered at the season—celebrity level (same celebrity across weeks).

4.4 Evaluation metrics

(i) Incremental explanatory power of professionals. Define R:, (o) from
the model without 7'” .. and R (o) from the full model. Then

pro(j)’

AR (0) = Ri(0) — Ry, pro(0)- (49)

pro No_pro
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(ii) Factor importance via drop-one AR?. For factor f € {age, industry, state, region, pro},
let R? f(o) be the R? from the model dropping only factor f, fit on the same complete-

case sample as the full model. Define
AR(erop<07 f) = R?ull(o) - R2—f<0) (50)

(iii) Cross-outcome alignment (same-way test). For a categorical factor f

with category effects 9((2 (centered by category frequency), define

Align (o) = Corr (95{7].), 9;?.)) . (51)

iv) Age effect as a per-10-year multiplier. Let o,, be the age standard de-
g

viation (years). The multiplicative change per +10 years is

10
Multgé)e(—l—lO) = exp (ﬁa(g)e . —) . (52)

age

4.5 Results

4.5.1 Incremental explanatory power of professionals beyond celebrity

features

Table 1 reports R? from the model without professional fixed effects and from

the full model, fitted on the same complete-case sample (n = 2402). Define

AR (0) = Rin(0) — Ry ro(0)- (53)

pro No_pro

Table 1 shows that, after controlling for age, industry, state, and region, profes-
sional identity still increases explanatory power by 0.052-0.099 absolute R? across

outcomes, with the largest gains on Judges and on FansTotal /FansStar.

4.5.2 Marginal contribution (drop-one AR?)

For each factor f € {pro,industry, state, region, age}, define
AR(QIrop(Oa f) = R?ull(o) - RQ—f(O)a (54)
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% 1: R? comparison and incremental explanatory power of professionals (all celebrity
y

features controlled)

Outcome o Rﬁofpro(o) R%uu(o) AR?. (o)

pro
Judges 0.2584  0.3577 0.0994
FansTotal 0.1565  0.2487 0.0922
FansStar 0.1624  0.2547 0.0923
FansPro 0.0655  0.1246 0.0591
FansPerf 0.1624  0.2143 0.0520

where R? f(o) is obtained by dropping only f and refitting on the same sample as
the full model.

% 2: Factor importance via drop-one AR? (larger values indicate larger contribu-

tions)

Outcome o ARgrop(o,pro) ARﬁrop(o,industry) ARﬁrOp(o,sta‘ce) ARﬁrop(o,region) ARﬁrop(o,age)

Judges 0.0994 0.0320 0.0281 -0.0016 0.0885
FansTotal 0.0922 0.0125 0.0330 -0.0001 0.0393
FansStar 0.0923 0.0135 0.0333 -0.0001 0.0412
FansPro 0.0591 0.0065 0.0144 -0.0000 0.0180
FansPerf 0.0520 0.0248 0.0264 -0.0005 0.0585

Table 2 implies: professionals are first-order drivers for every outcome, con-
tributing about 0.052-0.099 drop-one R?; age is the strongest celebrity feature, nearly
matching professionals for Judges (0.0885) and remaining large for FansPerf (0.0585);
state and industry provide moderate explanatory power; (iv) region contributes es-
sentially zero. The tiny negative values for region are numerical/sample-boundary

artifacts and should be interpreted as AR3, (0, region) = 0.

20



4.5.3 Mechanism alignment

For each categorical factor f € {pro,industry, state}, let 9;0) denote the centered

category-effect vector under outcome o. Define

Align (o) = Corr (6?, 85:.)) : (55)

# 3: Alignment between judges and fan outcomes (correlation of category effects)

Factor f Aligns(tot) Aligng(x) Aligns(pro) Align(perf)

pro 0.7546 0.7626 0.5292 0.8933
industry 0.7457 0.7555 0.6036 0.9650
state 0.7181 0.7295 0.4907 0.6901

Table 3 shows moderate alignment on FansTotal/FansStar (=~ 0.75), maximal
alignment on the performance component (pro: 0.8933, industry: 0.9650), and min-
imal alignment on the pro-fixed component (pro: 0.5292, state: 0.4907); thus effects

are not transmitted through identical channels across judges and fans.

4.5.4 Age effect across outcomes

Let age enter standardized with standard deviation o,, = 12.8691 years. The

per-10-year multiplier is

) 5 10
Mult{?).(+10) = exp (5;;6 : —> . (56)

age

Table 4 implies a mild judge-side penalty (Judges: 0.954 per +10y, i.e., ~ 4.6%
decrease) but a strong fan-side penalty (FansTotal/FansStar: ~ 0.66, i.e., ~ 33-34%
decrease), strongest on FansPerf (0.637), indicating age primarily operates through

fan-side channels.
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# 4: Age effects: coefficients and per +10-year multipliers (o,q = 12.8691 years)

Outcome o Bég)e (on age_z) Multgé)e(+10)

Judges -0.060852 0.953815
FansTotal -0.519122 0.668055
FansStar -0.535738 0.659485
FansPro -0.214542 0.846444
FansPerf -0.580932 0.636727

4.6 Answer to the question

Professionals and celebrity features jointly shape performance: professionals
add AR?2 (o) € [0.052,0.099] beyond celebrity features (Table 1) and are among the
most important drivers across outcomes (Table 2); among celebrity features, age is
strongest and affects fans far more than judges (Table 4), while industry and state
are moderate contributors. Mechanistically, effects are not identical across judges
and fans: alignment peaks on the performance component and is weakest on the
pro-fixed component (Table 3), implying judges track performance-driven variation

most consistently whereas fan totals also reflect fixed/support-base channels.

5 HEENNSE AFEIFESHZIFNT

5.1 HURSHRETE

i Fomdla (A N-BNEEEED, (s,w) RaNFEEEIR, Ay BT s 6
w FELRINA G R G . WAEE IR RS LT 0 dr, EBHAERN

n = 2402 (complete cases) o

WERix. 2 Jisw € (0,1) NUFVFLEMRET (judge percent). & X

~ - 1 ~
Ji,s,w = logit(Ji,s,w)a yfi?w = Ji,s,w - A Z Jk,s,w~ (57)
| s’w’ kEAs w
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Pl y) 2R (s,w) WEARRIERRS, OO E A .

Wetim (SE). KH dwuts_fan vote estimates_components.csv, AR
TH DA BAE PO 4 N2 A P™) (celebrity fan-base) Bk
T e i PP (pro-fixed) . LAKRILFEFH PPD (performance-induced)
Xt o € {tot,x, pro} & X

P

2,8, W

o o (o 1 (o
- 1Oglt (‘Pi(,s?w>7 yi(,s),w = P)iSS?w - m Z Plg,s),w' (58)
S keAs w

XL B T AR, SRS He GBRIO -

~(per: er er H(per ]- ~(per
P(P f) IlOg(P(p f)+€>, (perf) _P(P f) Z Pk(p f). (59)

i\s,w i\sw Yisw = Yisw A, o] s,w
swl g
G-Asw
:

5.2 METE (FrAEWEAAHRDE

AT ER B 1514 NHFFHIE: FEFFHR (celebrity age during season).
ATl (celebrity industry)s ZKX £ ) (celebrity homestate). DL ZK/Hi[X
KX (celebrity homecountry region). ERS AR,

age; ; — age

(60)

8CLis = sd(age)

AT 5 PN ARSI ) 4 B /NI & 9, #LIX 3% top-N R H R EIF, B2
M ind;, state;, reg; o HNVLFEE 431y pro; (ballroom partner).

5.3 1REIKRE
XHFAEER 0 € {J, tot, %, pro, perf} #l &

yz((;)w = /3§Z)e age-z; ¢ + 041(331@ +aly) 0T QEZ;@ + 7;(32)@ + 51(',05),107 (61)

state

Horbr o AN E RN, ~ AR [ 58 ROV . FRifEiRRH season—celebrity 4k
FERE (F— NEZ BN .
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5.4 VHNIEFRR

(i) R EERREMBH. 4 R2, (o) AR A0, B B2, R2,(0) A5E
B R?, X

ARIQ)I'O(O) = R?ull(o) - R?lo,pm(O)' (62)
(ii) ERZEZEM: drop-one AR?, XfHZE f € {age, industry, state, region, pro},
% R? (o) FAMIBR R R f BB R? (FE 558 BB RUAH R complete-case FEA F
fUE), X

ARczlrop(OJ f) = R?ull(o) - R%f<0) (63)

(iii) BERMFE (2F “E—MAR" £, MRHEER f KRR
BB OE) 8K 0, X

Align (o) = Corr (6}{), 0}?) : (64)

(iv) FEMML: BIGM 10 SHIRF. 2 0w NERIHER (E), MR 10
G IIIT N "
Mult{%),(+10) = exp (@gge : —) : (65)

age
5.5 &
5.5.1 BRI EBEEITHI A2 AFHEREEREN

# 1 A HAER— complete-case FEA (n = 2402) &, JMHERER MY 25 2 & & SN
SR BB R? M. 52 X

AR? (0) = R?un(O) - R; (0). (66)

pro No_pro

F1RY: EEHER. Tk M. XE, BOLIEE S UReEiE 4 1)
AR 0.052-0.099 WIZE%T R? 25+, H A EZRum L & FansTotal /FansStar 142
THE K.
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5.5.2 EIZAFMESRIEFEEHETEZEM (drop-one AR?)

XEANEZE f € {pro, industry, state, region, age}, & X
AR?lrop(Oa f) = R?ull(o) - R2—f<0)7 (67)

Hrb R? (o) AUMERRE f G M FERA LEFEHEE1 R,
x 2 K D PBEEXNTASERAL M IK3IFEK, drop-one TTHRZ)
N 0.052-0.099; (i) Fig 2 i NFIE, 1E Judges b LSOV IE# [F & 2%
(0.0885), fE FansPerf EHIR K (0.0585); Gil) ST EA MRS, Gv)
Mo X TTRRIEA N Z o X B AN D ER B Bl AR AL FO8E,  NEAEREDS ARY, (0, region) ~
0.

5.5.3 EARUMERAREMITESHL: BERNTE

WKL f RLEEE . Tl MDD, 4 0 LR o FHIF LR
ML, 5 L
Align (o) = Corr (9;‘7].), 9;‘?) : (68)

* 3 HEMNE CEmAAEET MRS BEEE 547AE FansTo-
tal/FansStar = HEHEXNF (= 0.75), ERII & XS (pro: 0.8933;
industry: 0.9650), {ERRMYZEE [E 2 £ LA &K (pro: 0.5292; state: 0.4907) o
BRI, A — 2R R AN iE i 58 A [ E 2 P R Sk 22 mem— S ER I
UXzh 5y & b

5.5.4 FRWMNEBLEREE (8 410 5FF)

S DAARAE AR R AR . AP ZE N e (FF), 8 XN 10 %
T "
Mult().(+10) = exp (55;;23 : —> : (69)

age

R4 R FRERRY 220 1 FE ST R TP 2. +10 %% Judges 12T 4.6%
B R (¥ 0.954), {HX} FansTotal/FansStar 2 33-34% 11 Ff& (¥ ~ 0.66) ,
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HAE FansPerf L fg5® (0.637). Kb, GEEEFEEIHLM@EE OLHRNFES
52 NEKE 8 RIFEEH, T TEZR b2 555

5.6  XiER|a)fy[E]Er

HRMV 3R 38 5 42 NARFAE ) 0 25 52 L B8 R I . R 3R 3 7E 43 1 430 44 NRRIE f5
IR AL R E R MR, AR% (o) /1T 0.052 5 0.099 (& 1), HX A 45 KA
EREBEERNERZ— (K 2). BANFHES, TR SRR, EXH 22 b5 1) 520 2 2
s T vFR s (R 40, AP S INEA R TTER . X8 R R I AR i@ 58 4 AH R 52
MPEZR S5k 22 KBRS FFAER M & F s R 5% 2 [ 2 it 7 & Ik
(£ 3), UHPPFRIEr i — S N TR IIKEh AL, T# 22 B0 8RR L ANE
S e 3] 5 i/ TR A I T

5.6.1 TwMFERHAEME GA [FEXTEL

TELE] 2 18 LR 8 YA IR N, N T X dwts_estimator_with_views_modified.py
PR ESEOHA TS, AT R — GA BT HIR. 2B —%& (Run-1) M
BEALRTAGF0RE A, TR R AT KIS AR X 2 28 Ik (Run-2) K] “Fif
THEB”, HYGEFEESE Run-1 BEI0 ARG, T SE AN =78 Jm B &0 4 ) 1
ITHIAE R

x 56 5 T HIREITHRIARREENRE R, Run-1 #, &5 735 1E B b
AEETE, AR G5 ar HHER (vest hit) B[ EFt. Run-2 #, B THILHEN4k
A Run-1 BRMAHHEGER, AR EIHRIRENFEH], R EEGRE T
K R EOEIER £ Run-1 P s a8k, SIeFE, AuhE AR s br
(best_ci, THEMBXIEEE) 5 best hit FIBIFALRFD, KRN 4L
Z AR AR BT VRS, 1 AR R — 2 B G MR EEE 2 BL PNG 2R
LR/ 25
BFEMRBERIE GFAKT). HLZ%E GA HRKRMLE 0, RATRA RN EZIS)
(one-at-a-time) HI77 AT RSB HERT: NENSH p e 05, £ pF = p(140)
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#* 5 Run-1 (RENLRIAATE) B9 GA P sifiisk.

Gen best_fitness mean_fitness best_hit best_pairprob  best_ci

1 504.953 459.773 0.704 0.767 0.01512
5 542.161 516.606 0.753 0.832 0.01419
15 047.459 523.970 0.771 0.813 0.01358
30 552.248 528.604 0.781 0.812 0.01280

* 6: Run-2 (LA Run-1 S|AEMAONFFEED 1 GA T2

Gen best_fitness mean_fitness best_hit best_pairprob  best_ci

1 552.851 491.709 0.783 0.810 0.01282
6 553.125 543.499 0.784 0.810 0.02022
12 953.125 545.697 0.784 0.810 0.02022
19 553.125 546.522 0.784 0.810 0.02022

(B 6 =0.01), FFEFIATIFNHARE LT
_ y@*[p") —y(0*|p7)

Sp(y> - 25 y<8*> )

ZBCTE AR NG T SRS T AR - A S BN, B (1) R ZETRRSH

(Ul perf_power _excellence), (ii) IFLEMEIY A /M KILIRZEL (W gain power _excellence),

(iii) Sk ML 2% (U0 tight k, tight_threshold), (iv) J& 2% i SR A 1E U 30

(40 lam_slack), PLRWHEPEAFEHTE) )% (U star_gain 1r, star_decay). H#F

Sp(-) 5 Bk GA Pisegi R G 2RI, AR R oo e A e, RS

a5 GA H Ak Eh B st B DU — S04 H 2 1) T2 B LK 2R

y € {best_fitness, best_hit, best_pairprob, best_ci}.

5.6.2 Two-stage GA history (seeded restart)

We run the same GA twice under an unchanged fitness definition. Run-1 starts
from a random population for global exploration; Run-2 is a seeded restart initialized
around the best individual from Run-1, focusing on local refinement.

Model Sensitivity Analysis. In Run-1, best_fitness rises markedly (504.95 —
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# 7: Run-1 history excerpt (random init).

Gen Dbest_fitness mean_fitness best_hit best_pairprob best_ci

1 504.953 459.773 0.704 0.767 0.01512
16 547.459 528.894 0.771 0.813 0.01358
30 552.248 528.604 0.781 0.812 0.01280

£ 8: Run-2 history excerpt (seeded from Run-1 best).

Gen Dbest_fitness mean_fitness best_hit best_pairprob  best_ci

1 552.851 491.709 0.783 0.810 0.01282
10 553.125 544.789 0.784 0.810 0.02022
19 553.125 546.522 0.784 0.810 0.02022

552.25), accompanied by higher best_hit and best_pairprob and a smaller best_ci,
indicating that the model outputs respond substantially to parameter changes at a
global scale. In Run-2, best_fitness and best_hit change only marginally, suggest-
ing local insensitivity of accuracy-type outputs near the optimum; however, best_ci
can increase while best_fail rate=0, implying that local micro-adjustments mainly
affect uncertainty width rather than hit probability. This weighting scheme highlights
the model’s strong predictive reliability (via hit and pairprob) while still providing
an uncertainty-aware view through ci, offering a more informative and well-rounded

assessment of performance.
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