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Abstract14

Background: Psychiatric assessment frequently converts continuous measure-15

ments into categorical interpretations, yet the robustness of decisions made close16

to clinical cut-offs is rarely quantified. We examined this problem in the Millon17

Clinical Multiaxial Inventory–IV (MCMI-IV), asking whether threshold sensitiv-18

ity at Base Rate (BR) 75 and BR 85 is a uniform property of the instrument or19

varies systematically across scales.20

Methods: We retrospectively analyzed 686 protocol-valid adult MCMI-IV21

profiles comprising 17,150 decisions across 25 substantive scales. Threshold22

fragility was quantified using fixed-distance, measurement-error–adjusted, and23

perturbation-based approaches. We separately characterized fragility around BR24

75 and BR 85, evaluated scale-ranking reproducibility across 1,000 random25

split-half analyses, and used an independently constructed nonlinear profile-26

space analysis to examine whether fragility reflected broader multivariate profile27

structure.28
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Results: Nearly one-third of all decisions fell within ±3 BR points of an29

interpretive threshold, but fragility varied approximately eightfold across scales.30

The scale-specific hierarchy remained broadly consistent after adjustment for31

estimated measurement precision and across alternative perturbation magni-32

tudes, and showed high split-half reproducibility (median Spearman ρ =33

.967). Fragility was also strongly threshold-dependent: approximately three-34

quarters of near-threshold decisions occurred around BR 75, although several35

scales showed substantial BR 85-specific sensitivity. Unadjusted fragility showed36

marked organization within multivariate profile space, but this association was37

no longer significant after accounting for overall BR elevation, arguing against38

an independent “fragile-profile” subtype.39

Conclusions: Threshold fragility represents a systematic and reproducible prop-40

erty of MCMI-IV interpretation that is not conveyed by categorical labels alone.41

Quantifying proximity to BR 75 and BR 85 may provide a clinically useful uncer-42

tainty layer alongside conventional interpretation, particularly for scores close43

to decision boundaries. External replication and prospective clinical validation44

are needed to determine whether incorporating fragility information improves45

diagnostic judgment and decision-making.46

Keywords: MCMI-IV, Base Rate scores, threshold fragility, psychometrics,47

psychological assessment, decision thresholds, classification consistency48

Background49

Clinical assessment repeatedly converts continuous measurements into categorical50

decisions. A laboratory value triggers treatment, a screening score prompts referral,51

and a psychological scale crosses from “not elevated” to “elevated.” These bound-52

aries make complex information actionable, but they also create a basic vulnerability:53

two nearly identical measurements can receive different labels simply because they54

fall on opposite sides of a cut-off. This issue is especially relevant in mental-health55

assessment, where measured characteristics are typically continuous and observed56

scores contain measurement uncertainty. Psychometric theory has long distinguished57

the reliability of a continuous score from the consistency of the classification pro-58

duced from that score; classification is least secure when observations lie close to the59

boundary that determines the label. At the same time, contemporary dimensional60
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models of psychopathology emphasize continuous variation beneath conventional cat-61

egories, strengthening the need to characterize what is lost when continuous evidence62

is reduced to discrete interpretations [1–4].63

The Millon Clinical Multiaxial Inventory–IV (MCMI-IV) provides a consequen-64

tial setting in which to examine this problem. The MCMI-IV is a widely used65

self-report instrument for characterizing personality patterns and clinical syndromes66

in clinical populations. It reports Base Rate (BR) scores rather than conventional67

norm-referenced standard scores and organizes interpretation around established BR68

boundaries [5, 6]. Scores below BR 75, between BR 75 and 84, and at or above BR69

85 are commonly assigned progressively stronger interpretive significance. Previous70

MCMI research has therefore concentrated on conventional psychometric questions,71

including internal consistency and test–retest reliability, correspondence with struc-72

tured diagnostic interviews, convergent validity, and the sensitivity or specificity of73

particular cut-offs [7–10]. Those studies address whether a scale or threshold performs74

accurately or consistently, but not how robust an individual threshold-based inter-75

pretation is to a small change in the observed BR score. More broadly, the Millon76

base-rate transformation has prompted discussion about how prevalence, scaling, and77

cut-score interpretation interact [11].78

Although examined here using the MCMI-IV, the underlying methodological79

issue extends beyond a single instrument. Psychiatric and psychological assessments80

frequently map continuous measurements onto categorical decision boundaries, yet81

observations lying close to those boundaries may carry greater classification uncer-82

tainty than observations farther away. Quantifying this local decision uncertainty may83

therefore complement conventional categorical interpretation without replacing the84

underlying clinical assessment.85

Here we address this missing layer of uncertainty by defining threshold fragility as86

the susceptibility of a test-based interpretive category to change because an observed87
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BR score lies close to BR 75 or BR 85. We do not test whether the established thresh-88

olds should be replaced. Instead, we ask how often, and on which scales, conventional89

MCMI-IV interpretations occur close enough to those thresholds that a small score90

change could alter the assigned category. We map this property across all 25 sub-91

stantive scales in 686 protocol-valid adult profiles using complementary fixed-distance,92

measurement-error–adjusted, and perturbation-based analyses, and we test the repro-93

ducibility of the resulting scale hierarchy across repeated subsamples. A supporting94

nonlinear profile-space analysis then asks whether fragility is organized within inde-95

pendently derived multivariate MCMI-IV profile structure or merely reflects global96

score elevation.97

The primary objective was therefore to quantify the local robustness of BR 7598

and BR 85 interpretations across the complete set of substantive MCMI-IV scales.99

We prespecified a narrow fixed-distance definition as the primary descriptive measure100

and used measurement-error–adjusted, perturbation-based, and repeated split-half101

analyses to examine whether the resulting scale hierarchy depended on a single oper-102

ational definition or sample partition. A secondary profile-space analysis was used to103

determine whether profile-level fragility showed nonrandom organization within mul-104

tivariate MCMI-IV score structure and whether any such organization remained after105

accounting for overall BR elevation. The study was designed to characterize uncer-106

tainty around established thresholds, not to redefine diagnosis, replace BR 75 or BR107

85, or infer temporal instability of assessed individuals.108

Methods109

This retrospective observational psychometric analysis examined the local robustness110

of threshold-based MCMI-IV Base Rate interpretations. Reporting was guided by the111

STROBE recommendations for observational studies [12]. The primary focus was not112

whether BR 75 and BR 85 are clinically useful cut-offs, but whether decisions made113
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near these cut-offs have the same local robustness as decisions based on scores farther114

from them. Analyses were organized in three stages. First, threshold fragility was quan-115

tified at the decision and scale levels using fixed-margin, measurement-error–adjusted,116

and perturbation-based indices, with the primary fixed-margin analysis decomposed117

by BR 75 and BR 85. Second, reproducibility of the primary scale ranking was eval-118

uated using repeated split-half resampling. Third, a supporting whole-profile analysis119

evaluated whether threshold fragility showed systematic organization within multi-120

variate MCMI-IV profile space. Throughout, fragility was treated as a property of the121

test-based threshold decision rather than as temporal instability of the respondent,122

symptoms, or clinical state.123

Data source and analytic sample124

The analytic file consisted of previously collected, anonymized assessment-level MCMI-125

IV profile outputs. The original dataset contained 853 assessment records and included126

BR scores, raw scores, demographic information, and response-style, validity, and127

modifying indices. Because the study focused on threshold-based interpretation, the128

primary analyses used BR scores for the substantive MCMI-IV scales. Before the129

analytic dataset was provided to the research team, direct personal identifiers were130

removed. The investigators therefore analyzed only pre-existing anonymized assess-131

ment records and had no access to directly identifiable personal information. No132

additional participant contact, intervention, or collection of new participant data133

occurred as part of the present study.134

No a priori sample-size calculation was performed because the study was a135

retrospective analysis of all eligible assessment records available in the source dataset.136

Profiles were excluded if recorded age was younger than 18 years, if the Invalidity137

score was positive (V > 0), if the Inconsistency score was W ≥ 20, or if the raw138

Disclosure score was outside the valid range (Xraw < 7 or Xraw > 114). The age139
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criterion was met by 46 records and the Invalidity criterion by 47 records, with four140

records meeting both; these criteria excluded 89 unique records. Across the complete141

dataset, 85 records met the Inconsistency criterion, including seven already excluded142

by age and/or Invalidity; 78 additional records were therefore excluded. No record met143

the Disclosure exclusion criterion. After accounting for overlap, 167 unique records144

were excluded, yielding 686 adult profiles meeting all eligibility and protocol-validity145

criteria [5].146

No missing values were identified across the 25 substantive BR variables, and no147

records were excluded because of incomplete BR data. A comparison across all avail-148

able variables identified no exact duplicate records. Because the analytic file did not149

contain a unique individual identifier, repeated assessments originating from the same150

individual could not be identified. Each row was therefore treated as one assessment151

record, and all analyses were conducted at the assessment-record level.152

The mean age in the final sample was 34.1 years (SD = 10.2; range = 18–75),153

and 476 retained profiles were recorded as female in the source file. The recorded154

sex variable was used descriptively only; sex-related differences were not an objective155

of the present analysis. With 686 profiles assessed across 25 substantive scales, the156

analytic dataset contained 17,150 profile-by-scale threshold decisions.157

Measure: MCMI-IV Base Rate profiles158

The MCMI-IV reports BR scores for clinical personality patterns, severe personality159

pathology, clinical syndromes, and severe clinical syndromes. BR scores are interpreted160

relative to established clinical thresholds rather than as conventional norm-referenced161

standard scores [5]. The profiles analyzed here were generated using the Persian-162

language version of the MCMI-IV. The primary analyses included 25 substantive163

scales: 12 clinical personality pattern scales, three severe personality pathology scales,164

seven clinical syndrome scales, and three severe clinical syndrome scales. Disclosure165
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(X), Desirability (Y), Debasement (Z), Validity (V), and Inconsistency (W) were166

excluded as substantive variables because they index response style or protocol valid-167

ity. Complete scale names, codes, and analytic variable names are provided in Table168

S1 of Additional file 1.169

Base-Rate threshold classification170

For profile i and substantive scale j, the observed BR score xij was assigned to one of171

three test-based interpretive categories: non-elevated for xij ¡ 75, elevated for 75 ≤ xij172

¡ 85, and prominent for xij ≥ 85. These operational categories describe the MCMI-IV173

threshold rule used in the analysis; they are not independent clinical diagnoses.174

Fixed-margin threshold fragility175

The primary analysis quantified proximity to the nearest interpretive threshold. For176

each profile-by-scale decision, distance to the nearest boundary was dij = min(|xij −177

75|, |xij − 85|). A decision was defined as fragile under margin m when dij ≤ m.178

The primary margin was ±3 BR points, selected as a narrow, clinically transparent179

sensitivity band. Broader ±5 and ±7 bands were evaluated as nested sensitivity anal-180

yses. Scale-level fragility was the proportion of the 686 profiles meeting the specified181

margin for each scale. Because the margins are nested, the ±5 and ±7 estimates are182

progressively broader sensitivity bands rather than competing definitions.183

Threshold-specific decomposition184

To determine which boundary contributed to primary fragility, the ±3 criterion185

was decomposed separately around BR 75 and BR 85. For threshold t ∈ {75, 85},186

threshold-specific fragility was Fij,t = I(|xij − t| ≤ 3), and the scale-level value was187

the average of this indicator across profiles. The BR 75 and BR 85 ±3 regions do not188

overlap, so their counts sum to the primary nearest-threshold count.189
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Measurement-error–adjusted fragility190

Fixed BR margins do not account for scale-specific measurement precision. A com-191

plementary analysis therefore expressed threshold sensitivity relative to the estimated192

standard error of measurement (SEM). Because item-level responses were unavailable,193

scale-specific Cronbach’s alpha coefficients were obtained from the Persian MCMI-IV194

validation study [9] and combined with the observed BR-score standard deviation sj195

in the present sample: SEMj = sj
√

1− αj . The complete reliability inputs and SEM196

values are reported in Table S2 of Additional file 1.197

Measurement error was modeled as a zero-mean normal variable with standard198

deviation SEMj. For each observed score, the probability that such error would move199

the score into a different BR category was calculated analytically from the normal200

cumulative distribution function, taking account of the relevant one-sided or two-sided201

category boundary. Scale-level SEM-adjusted fragility was the mean category-change202

probability across profiles. This analysis was treated as a complementary psychometric203

sensitivity analysis rather than as a replacement for the fixed-margin atlas, because204

the reliability coefficients were obtained from an external validation sample.205

Perturbation-based label volatility206

A second complementary analysis evaluated category sensitivity under a common per-207

turbation magnitude applied equally to all substantive scales. For each observed BR208

score, x∗
ij = xij + ϵij , where ϵij ∼ N(0, σ2). The primary perturbation was σ = 5 BR209

points. Decision-level volatility Vij was the analytic probability that the perturbed210

score would fall into a category different from that of the observed score. For scores211

below 75 or at/above 85, this is the probability of crossing the nearest category bound-212

ary in the appropriate direction; for scores in the 75–84 interval, it is the sum of the213

probabilities of crossing below 75 or at/above 85. Scale-level volatility Vj was the mean214

of Vij across profiles.215
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To assess dependence on perturbation strength, the calculation was repeated for σ216

= 2, 3, 5, 7, and 10 BR points. The 25-scale ranking at each alternative σ was compared217

with the primary σ = 5 ranking using Spearman’s rank correlation. The common σ218

analysis should not be interpreted as scale-specific measurement error or temporal219

symptom fluctuation; it is a controlled perturbation model used to test whether the220

fragility hierarchy depends on the exact width of the perturbation.221

Split-half reproducibility222

Repeated split-half analyses assessed whether the primary ±3 scale-level fragility223

ranking was stable across different compositions of the analytic sample. In each of224

1,000 iterations, the 686 profiles were randomly divided without replacement into two225

non-overlapping halves of 343 profiles. Scale-level fixed ±3 fragility was recomputed226

independently in each half. Agreement between the two complete 25-scale rankings was227

quantified using Spearman’s rank correlation. Top-five and top-ten set overlap were228

also recorded, together with exact replication of the top-five set and replication of at229

least four of the five leading scales. Distributions were summarized by the median and230

5th and 95th percentiles. The random-number generator was initialized with seed 42.231

Profile-space analysis using Diffusion Maps and Mapper232

A supporting whole-profile analysis asked whether profiles with greater threshold233

fragility were spatially organized within multivariate MCMI-IV profile structure234

derived independently of fragility. Geometry construction used the same 686 profiles235

and 25 substantive scales. Each scale was standardized across profiles only for mul-236

tivariate distance calculations: zij = (xij − x̄j)/sj . Threshold fragility continued to237

be calculated from the original BR values. Profile-level fragility burden was defined238

as the proportion of the 25 substantive scales whose original BR score lay within ±3239

points of BR 75 or BR 85. This quantity was not used to construct the geometry and240

was introduced only after the profile topology had been defined.241
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Nonlinear geometry was estimated using Diffusion Maps [13]. Pairwise Euclidean242

distances were calculated in the standardized 25-dimensional profile space. For the243

primary analysis, a k = 20 nearest-neighbor graph was constructed and symmetrized244

across profiles. For retained neighborhood edges, Gaussian similarity weights were245

defined as Wij = exp(−d2ij/ϵ), where ϵ was the median squared Euclidean distance246

across retained neighborhood edges. Coifman–Lafon density normalization was applied247

with α = 1 before normalization to a Markov transition operator. The stationary first248

mode was excluded, and the first two nontrivial diffusion coordinates were retained at249

diffusion time t = 1 as the nonlinear lens.250

Mapper was applied to the two-dimensional diffusion lens [14]. The lens was covered251

by 10 intervals along each dimension with 35% overlap. Within each nonempty cover252

region, local clustering was performed in the complete standardized 25-dimensional253

profile space using DBSCAN [15], with min samples=3; the DBSCAN neighborhood254

radius was defined as the 90th percentile of the five-nearest-neighbor distance distri-255

bution in the standardized 25-dimensional space. Each local cluster became a Mapper256

node; nodes were connected when they shared at least one assessment through the257

overlapping cover. Node size reflected local membership. Only after graph construction258

was node color assigned from the mean profile-level fixed ±3 fragility burden.259

Graph-level concentration of fragility was quantified using Moran’s I. Let yr denote260

mean profile-level fragility for Mapper node r, and let wrs = 1 when nodes r and s were261

connected by an edge and wrs = 0 otherwise. With M nodes and W =
∑

r

∑

s wrs,262

Moran’s I was calculated as263

I =
M

W

∑

r

∑

s wrs(yr − ȳ)(ys − ȳ)
∑

r(yr − ȳ)2
. (1)

Binary adjacency weights were used without row standardization. Under this graph-264

weighting convention, Moran’s I is not constrained to the interval [−1, 1], so values265
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slightly above 1 are possible. Statistical significance was evaluated using 5,000266

assessment-record-level permutations in which profile fragility values were randomly267

reassigned while graph topology and node memberships remained fixed. The corrected268

permutation probability was p = (1 +#{Ib ≥ Iobs})/(B + 1) with B = 5000.269

Because globally elevated profiles provide more opportunities to lie near BR 75270

or BR 85, profile fragility burden was additionally residualized using ordinary least-271

squares regression with mean BR, the number of scores in the BR 75–84 range, and272

the number of scores at or above BR 85 as predictors. The regression was used only273

to remove the linear contribution of these elevation measures; individual regression274

coefficients were not interpreted as substantive effects. Moran’s I and the same 5,000-275

permutation procedure were then repeated on the elevation-adjusted residual fragility276

values while retaining the original topology and node memberships.277

Parameter sensitivity of the unadjusted profile-space result was evaluated across278

15 Diffusion-Mapper configurations formed by diffusion-neighborhood sizes k = 10,279

15, 20, 30, and 40 and Mapper resolutions of 8, 10, or 12 intervals per diffusion dimen-280

sion. Cover overlap remained 35%, and the local clustering procedure was otherwise281

unchanged. This analysis was supporting rather than primary; its complete display is282

reported in Figure S2 of Additional file 1.283

Statistical analysis and software284

Descriptive results are reported as counts, percentages, means, standard devia-285

tions, medians, and percentile intervals as appropriate. Spearman rank correlations286

quantified agreement between alternative scale-level rankings and between rankings287

across perturbation magnitudes. Repeated split-half reproducibility was summarized288

from 1,000 random partitions. Profile-space significance was evaluated with 5,000289

assessment-record-level permutations. The primary scale atlas was descriptive; no pair-290

wise inferential comparisons among the 25 scale-specific proportions were performed,291
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and therefore no multiple-comparison correction was applied to the descriptive scale292

ranking. All analyses used the assessment record as the analytic unit because unique293

individual identifiers were unavailable. If repeated administrations from the same indi-294

vidual were present, this working independence assumption could overstate nominal295

resampling or permutation precision; this limitation is addressed explicitly in the296

Discussion.297

The analyses were conducted in Python 3.13.5 using NumPy 2.3.5, pandas 2.2.3,298

SciPy 1.17.0, scikit-learn 1.8.0, NetworkX 3.6.1, and Matplotlib 3.10.8. scikit-learn299

was used for nearest-neighbor calculations and DBSCAN; NetworkX was used for300

graph representation and adjacency operations; NumPy, pandas, and SciPy supported301

numerical and statistical calculations; and Matplotlib was used for visualization. The302

split-half procedure used random seed 42.303

Use of generative AI during manuscript preparation304

ChatGPT (OpenAI) was used during manuscript preparation for language refine-305

ment, structural drafting, organization of methodological descriptions, and assistance306

in drafting and debugging analysis code. All analytic decisions, code, numerical out-307

puts, statistical results, interpretations, and references were reviewed and verified by308

the authors, who retain full responsibility for the work. The tool was not listed as an309

author.310

Table 1 Sample characteristics and analytic dataset summary

Characteristic Value

Original dataset 853 profiles
Final analytic sample 686 profiles
Age, years M = 34.1, SD = 10.2 (range 18–75)
Female 476
Analyzed substantive MCMI-IV BR scales 25
Profile-by-scale decisions 17 150
Eligibility criteria Age ≥ 18, V = 0, W < 20, 7 ≤ Xraw ≤ 114
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Results311

Analytic sample and Base-Rate decision distribution312

Application of the age and protocol-validity criteria yielded 686 eligible adult profiles313

from the original 853 assessment records. The mean age was 34.1 years (SD = 10.2;314

range = 18–75), and 476 profiles were recorded as female. No missing values were315

present across the 25 substantive BR scales. The analytic dataset therefore comprised316

17,150 profile-by-scale threshold decisions (Table 1).317

Using BR 75 and BR 85 as the decision boundaries, 10,752 decisions (62.7%) were318

non-elevated, 4,012 (23.4%) were elevated, and 2,386 (13.9%) were prominent. Thus,319

6,398 decisions (37.3%) were at or above BR 75, including 2,386 at or above BR320

85. These frequencies describe test-based interpretive categories and should not be321

interpreted as counts of independent clinical diagnoses.322

Fixed-margin fragility atlas323

Near-threshold decisions were common. Under the primary ±3 BR-point criterion,324

5,062 of 17,150 decisions (29.5%) fell within three points of either BR 75 or BR 85.325

This increased to 7,238 decisions (42.2%) under the ±5 criterion and 8,364 (48.8%)326

under the ±7 criterion (Figure 1A). Because the margins were nested, the increase327

reflects progressively broader sensitivity bands.328

Scale-level fragility differed markedly across the 25 substantive scales (Figure 1B;329

Table 2). Under the primary ±3 criterion, the highest values were observed for Melan-330

cholic (53.2%), Somatic Symptom (47.8%), Borderline (44.9%), Sadistic (43.9%), and331

Negativistic (43.6%). The lowest values were observed for Drug Use (6.3%), Turbulent332

(9.3%), Compulsive (10.1%), Alcohol Use (11.2%), and Histrionic (12.1%). The ratio333

between the highest and lowest values was approximately 8.4, indicating more than334

an eightfold span in the frequency of near-threshold decisions across scales.335
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Fig. 1 The MCMI-IV fragility atlas. (A) Overall proportion of the 17,150 profile-by-scale decisions
lying within ±3, ±5, and ±7 BR points of BR 75 or BR 85. The margins are nested sensitivity bands.
(B) Primary ±3 scale-level fragility across the 25 substantive scales, ordered from highest to lowest.
Higher percentages indicate that a scale more frequently produced threshold-sensitive interpretations;
they do not indicate poorer scale validity or a greater probability of clinical diagnosis. BR = Base
Rate.

Threshold-specific and SEM-adjusted characterization336

Across all 17,150 decisions, 3,781 (22.0%) fell within ±3 BR points of BR 75 and337

1,281 (7.5%) fell within ±3 BR points of BR 85. These non-overlapping sets together338

accounted for all 5,062 primary fragile decisions; 74.7% of primary near-threshold339

decisions were therefore associated with BR 75 and 25.3% with BR 85.340

The relative contribution of the boundaries differed across scales (Figure 2A). BR341

75 fragility was highest for Melancholic (43.0%), Sadistic (37.5%), Borderline (35.6%),342

Paranoid (34.8%), and Schizoid (34.5%). BR 85 fragility was highest for Generalized343

Anxiety (24.1%), Somatic Symptom (18.7%), Persistent Depression (14.1%), Major344

Depression (13.7%), and Post-Traumatic Stress (13.6%). Generalized Anxiety and345

Major Depression showed greater fragility around BR 85 than BR 75, while Post-346

Traumatic Stress was approximately balanced. Similar overall fragility could therefore347
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Table 2 Scale-level fixed-margin threshold fragility across the 25
substantive MCMI-IV scales

Profiles near BR 75 or BR 85 (%)

Scale ±3 ±5 ±7

Melancholic 53.2 69.2 72.6
Somatic Symptom 47.8 60.8 63.8
Borderline 44.9 63.4 69.5
Sadistic 43.9 65.3 72.9
Negativistic 43.6 71.1 75.4
Paranoid 40.4 59.2 66.9
Avoidant 37.9 51.9 55.8
Schizoid 37.3 56.6 64.4
Schizophrenic Spectrum 35.0 49.6 59.2
Schizotypal 34.5 47.5 56.6
Generalized Anxiety 33.4 44.5 51.9
Persistent Depression 32.4 45.2 50.7
Dependent 30.6 42.7 47.5
Delusional Disorder 30.2 48.3 57.1
Narcissistic 29.7 42.4 49.7
Post-Traumatic Stress 27.7 40.8 45.3
Bipolar Spectrum 25.5 36.0 45.8
Major Depression 22.7 32.2 39.9
Masochistic 19.4 31.3 44.0
Antisocial 18.8 29.0 38.2
Histrionic 12.1 16.6 21.3
Alcohol Use 11.2 13.0 18.1
Compulsive 10.1 15.2 20.4
Turbulent 9.3 14.7 21.0
Drug Use 6.3 8.6 11.1

Note. Entries are percentages of the 686 profiles whose BR score fell

within the indicated distance of either BR 75 or BR 85. Scales are

ordered by the primary ±3 criterion. The margins are cumulative sen-

sitivity bands.

arise from distinct boundary-specific patterns: Schizotypal had 34.5% overall fragility348

driven almost entirely by BR 75 (33.4% vs 1.2%), whereas Generalized Anxiety had349

33.4% overall fragility but was driven predominantly by BR 85 (9.3% vs 24.1%).350

Scale-specific SEM values ranged from 6.10 BR points for Melancholic to 22.62351

for Alcohol Use. Across all decisions, the mean estimated category-change probabil-352

ity under the measurement-error model was 24.9%. Scale-level SEM-adjusted fragility353

ranged from 10.7% to 38.2% (Table S3 of Additional file 1). Somatic Symptom354

(38.2%), Negativistic (35.3%), Dependent (30.1%), Borderline (30.0%), and Schizoid355
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(29.5%) had the highest values, whereas Turbulent (10.7%), Compulsive (13.6%),356

Histrionic (14.6%), Masochistic (16.4%), and Drug Use (16.4%) had the lowest. The357

SEM-adjusted ranking retained substantial correspondence with the primary fixed358

±3 ranking (Spearman ρ = .779), but selected scales shifted materially: Melancholic359

moved from first under the fixed-margin criterion to seventh after SEM adjustment,360

whereas Alcohol Use moved upward because of its comparatively large estimated SEM361

(Figure 2B).362

Fig. 2 Characterizing the sources of threshold fragility. (A) Threshold-specific decomposition of the
primary ±3 fragility measure into BR 75- and BR 85-specific components. Across all primary near-
threshold decisions, 74.7% were associated with BR 75 and 25.3% with BR 85. (B) Primary fixed ±3
fragility compared with SEM-adjusted category-change probability in the same scale order. The broad
scale pattern persisted after accounting for estimated measurement precision (Spearman ρ = .779),
although selected ranks shifted. BR = Base Rate; SEM = standard error of measurement.

Perturbation and reproducibility analyses363

Under the primary Gaussian perturbation model (σ = 5 BR points), mean decision-364

level volatility was 16.1%. Scale-level volatility ranged from 4.0% to 26.6% (Table365

S4 of Additional file 1). The highest values were observed for Negativistic (26.6%),366
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Melancholic (25.7%), Sadistic (24.4%), Borderline (23.3%), and Somatic Symptom367

(23.2%); the lowest were Drug Use (4.0%), Turbulent (5.9%), Alcohol Use (6.2%),368

Compulsive (6.6%), and Histrionic (6.8%). The perturbation-based ranking closely369

corresponded to the fixed ±3 ranking (Spearman ρ = .983; Figure 3A). This close370

agreement is a robustness check rather than an independent discovery because both371

measures depend on distance from the same thresholds.372

Absolute volatility increased as perturbation magnitude increased: mean decision-373

level values were 6.9% at σ = 2, 10.1% at σ = 3, 16.1% at σ = 5, 21.4% at σ = 7, and374

27.6% at σ = 10. Despite this change in absolute probability, scale ordering remained375

highly stable relative to σ = 5, with Spearman correlations of .958, .987, .995, and376

.988 for σ = 2, 3, 7, and 10, respectively (Figure 3B).377

The repeated split-half analysis further showed strong sample-level reproducibility.378

Across 1,000 random 343-versus-343 splits, the median Spearman correlation between379

the two 25-scale rankings was .967, with a 5th–95th percentile interval of .940–.985380

(Figure 3C; Table 3). Median top-five overlap was 5 of 5 scales (5th–95th percentile381

4–5), and the exact top-five set was reproduced in 64.8% of splits. At least four of the382

five leading scales were shared in 99.4% of splits. Median top-ten overlap was 9 of 10383

scales (5th–95th percentile 8–10).384

Table 3 Repeated split-half reproducibility of the primary scale-level fragility
ranking

Reproducibility statistic Result

Spearman rank correlation, median [5th, 95th percentile] .967 [.940, .985]
Top-five overlap, median [5th, 95th percentile] 5 [4, 5]
Top-ten overlap, median [5th, 95th percentile] 9 [8, 10]
Exact replication of the top-five set 64.8%
At least four of the five leading scales shared 99.4%
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Fig. 3 Robustness and reproducibility of the fragility atlas. (A) Primary fixed ±3 fragility versus
Gaussian label volatility at σ = 5 BR points (ρ = .983). (B) Scale-level Gaussian label volatility
across σ = 2, 3, 5, 7, and 10 BR points. Absolute volatility increased with perturbation magnitude
while rank correlations relative to σ = 5 remained high. (C) Distribution of Spearman correlations
from 1,000 random split-half comparisons; median ρ = .967 (5th–95th percentile .940–.985).

Supporting profile-space analysis385

The independent Diffusion Map and Mapper analysis represented 96.6% of the 686-386

profile cohort in a primary graph containing 18 nodes and 23 edges (Figure 4A–B).387

Node mean fixed ±3 fragility burden ranged from 2.7% to 34.2%. In the unadjusted388

analysis, fragility was strongly spatially concentrated across the graph (Moran’s I =389

1.017). None of 5,000 assessment-record-level permutations produced a statistic equal390

to or greater than the observed value, yielding the corrected permutation probability p391

= 1/5001 = .00020 (Figure 4C). The positive unadjusted concentration persisted across392

all 15 tested Diffusion-Mapper configurations (Moran’s I range .650–1.027; median393

.894; Figure S2 of Additional file 1).394
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However, profile-level fragility was also strongly related to global BR elevation.395

Mean BR, the number of scores in the BR 75–84 range, and the number of scores396

at or above BR 85 jointly explained 61.6% of profile-level fragility variance. After397

removing their linear contribution, Moran’s I decreased to .274; 1,523 of 5,000 permu-398

tations equaled or exceeded the adjusted statistic, giving p = .305 (Figure 4D). The399

residual spatial concentration was therefore not statistically significant after elevation400

adjustment.401

The unadjusted analysis showed that fragility was nonrandomly distributed across402

whole-profile structure; however, elevation adjustment indicated that this organization403

was largely attributable to global BR elevation rather than to an independent fragility-404

related topology.405
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Fig. 4 Diffusion-Mapper profile-space analysis of threshold fragility. (A) Independent Diffusion Map
of the 686 complete profiles using 25 standardized substantive BR scales; fragility was not used
to construct the embedding. (B) Mapper topology of connected local profile neighborhoods; node
size reflects membership and node color represents mean profile-level fixed ±3 fragility burden. The
primary graph contained 18 nodes and 23 edges and covered 96.6% of the cohort. (C) Assessment-
record-level permutation distribution for the unadjusted graph. Observed Moranś I = 1.017; none
of 5,000 permutations equaled or exceeded the observed value (corrected p = .00020). (D) After
adjustment for mean BR and the numbers of BR 75–84 and BR ≥ 85 scores, Moranś I decreased to
.274 (p = .305); elevation measures jointly explained 61.6% of profile-level fragility variance. These
results do not support an independent fragile-profile or diagnostic subtype.

Discussion406

The central finding is that threshold fragility is a systematic, strongly scale-dependent,407

and highly reproducible property of MCMI-IV interpretation rather than a uniform408

consequence of using BR 75 and BR 85. The same nominal BR boundaries are applied409

across scales, yet our findings show that the local robustness of classifications around410

those boundaries is not equivalent. Near-boundary scores occurred frequently on some411

scales and rarely on others, producing more than an eightfold span between the most412

and least fragile scales under the primary definition. The important object is therefore413
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not only the numerical location of BR 75 or BR 85, but also the local density of414

observed scores around each boundary. A threshold positioned in a densely populated415

region of a scale’s score distribution will generate many decisions that could change416

after a small perturbation, whereas the same nominal threshold in a sparse region417

will generate comparatively robust decisions. The fragility atlas makes this otherwise418

invisible property explicit.419

This perspective complements rather than competes with conventional psychome-420

tric validation. Prior evaluation of the Persian MCMI-IV reported heterogeneity in421

internal consistency and test–retest reliability across scales [9], while subsequent com-422

parison with diagnostic criteria showed marked variation in diagnostic performance423

across syndromes [10]. Those studies concern whether scales measure consistently and424

whether classifications correspond to external clinical criteria. Fragility asks a third425

question: given the observed score and the established threshold rule, how locally426

stable is the resulting interpretive category? These quantities need not coincide. A427

psychometrically reliable scale can produce many fragile classifications if its empiri-428

cal score distribution is concentrated around a cut-off, while a less precise scale may429

produce relatively few near-boundary observations if most scores lie far from the cut-430

off. General classification theory predicts this dependence on both measurement error431

and cut-score proximity [1, 2, 16]. Our SEM-adjusted analysis supported that dis-432

tinction: accounting for scale-specific estimated measurement precision changed the433

relative position of selected scales but retained substantial correspondence with the434

simple distance-based atlas.435

Separating BR 75 from BR 85 further showed why a single aggregate fragility score436

can conceal meaningful structure. Most near-threshold decisions accumulated around437

BR 75, but this dominance was not universal. Scales with very similar total fragility438

could have almost opposite boundary profiles, with one scale dominated by the lower439

interpretive boundary and another by BR 85. Earlier MCMI-III studies evaluated BR440
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75 and BR 85 chiefly as candidate cut-offs for diagnostic or screening efficiency and441

reported scale-dependent performance [7, 8, 17]. Grove and Vrieze also questioned442

aspects of the Millon base-rate transformation, emphasizing that prevalence, scaling,443

and cut-score interpretation should be considered explicitly [11]. Those MCMI-III find-444

ings are not direct evidence about the MCMI-IV, which was substantially revised, but445

they provide an important context: the behavior of a nominal cut-off is not necessarily446

identical across scales. The present findings extend that issue by showing that, before447

external diagnostic accuracy is considered, the empirical distributions of MCMI-IV448

scores expose different proportions of assessments to boundary-sensitive interpretation.449

The perturbation and resampling analyses strengthen the descriptive atlas without450

changing its meaning. The near-identity of the fixed-margin and Gaussian rankings451

shows that the scale hierarchy is not an artifact of converting threshold distance into452

a binary ±3 indicator. The stability of the ranking across σ = 2–10 BR points like-453

wise indicates that the relative pattern is preserved under substantially weaker and454

stronger perturbations even though the absolute probability of label change increases,455

as expected. Repeated split-half sampling provides a different form of evidence: the456

same leading scales reappeared across different subsets of the cohort, with a median457

full-ranking correlation of .967 and at least four of the top five scales shared in 99.4%458

of iterations. These results support the interpretation of the atlas as a stable property459

of the observed sample distributions rather than a ranking driven by a small subset460

of records.461

The profile-space analysis provides a useful qualification. In the unadjusted462

Diffusion-Mapper representation, high- and low-fragility profiles were not randomly463

interspersed; they showed strong graph-level concentration. Because the geometry was464

built from standardized BR profiles without using fragility, this initial pattern was465

not a trivial consequence of embedding the outcome into the topology. However, the466

concentration was no longer statistically significant after accounting for mean BR and467
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the numbers of elevated and prominent scores, and these elevation variables explained468

61.6% of profile-level fragility variance. The appropriate interpretation is therefore not469

that the data contain a distinct “fragile-profile” subtype. Rather, global elevation cre-470

ates more opportunities for a profile to approach one or both interpretive thresholds,471

and this broad elevation structure largely explains the apparent profile-space organi-472

zation of fragility. This negative adjusted result is informative because it prevents a473

stronger topological claim than the data support.474

The practical implication is modest but potentially useful. A conventional categor-475

ical label conveys where a score lies relative to a threshold, but not how far it lies from476

that threshold. A BR score of 76 and one of 83 are both “elevated” under the same cat-477

egory rule, although their vulnerability to a small downward or upward score change478

is different. Reporting threshold proximity could therefore serve as an uncertainty479

annotation rather than as a new diagnostic rule. These findings do not establish that480

reporting threshold fragility improves clinical outcomes, diagnostic accuracy, or clini-481

cal decision-making. Rather, they suggest that proximity to an interpretive boundary482

may provide an additional uncertainty descriptor that could be evaluated prospectively483

alongside conventional MCMI-IV interpretation.484

Several limitations define the scope of the claim. The exact scale-specific fragility485

ranking is partly distribution-dependent, because the frequency of observations near486

BR 75 and BR 85 depends on the BR-score distribution of the population being487

assessed. Moreover, the present data were obtained using the Persian-language MCMI-488

IV in a single regional context. Replication in independent clinical populations,489

other language versions, and different service settings is therefore necessary before490

assuming that the exact scale ranking is universal. The absence of unique individ-491

ual identifiers prevented verification that all assessment records represented distinct492

individuals. If some records reflected repeated assessments from the same person,493
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the effective number of independent observations would be smaller than the num-494

ber of assessment records analyzed. The findings should therefore be interpreted at495

the assessment-record level. Item-level responses were unavailable; consequently, the496

measurement-error analysis used reliability coefficients from an external Persian val-497

idation sample rather than reliabilities estimated directly from the present records498

[9]. The ±3-point definition is an analytic sensitivity band, not a confidence inter-499

val, and the Gaussian perturbations are controlled models of score variation rather500

than estimates of true temporal fluctuation. The present study evaluated the robust-501

ness of threshold-based MCMI-IV interpretations rather than diagnostic accuracy or502

criterion validity. No independent structured clinical diagnosis, longitudinal clinical503

outcome, or treatment-response criterion was available against which the fragility mea-504

sures could be validated. These constraints do not undermine the primary descriptive505

result, which is calculated directly from observed distances to established thresholds,506

but they restrict its interpretation to the local robustness of test-based decisions.507

The next step is therefore not to replace BR 75 and BR 85, but to test whether508

explicit information about decision fragility improves judgment. Multisite replication509

can establish whether the relative atlas structure is preserved across languages, refer-510

ral settings, and diagnostic compositions. Prospective studies with item-level data,511

repeated administrations, and structured diagnostic interviews could separate mea-512

surement error from true short-term change and test whether near-threshold decisions513

predict clinician disagreement, diagnostic reclassification, or changes in treatment514

planning. Threshold-aware reports could then be evaluated experimentally by flag-515

ging near-boundary scores for contextual review while retaining the conventional516

BR category. The same general framework may also apply to symptom screeners,517

neuropsychological classifications, risk scores, and other instruments that convert518

continuous quantities into discrete clinical labels.519
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Conclusions520

Threshold fragility was a systematic and reproducible feature of MCMI-IV Base Rate521

interpretations in the present dataset. Nearly one-third of all profile-by-scale deci-522

sions fell within ±3 BR points of either BR 75 or BR 85, but the frequency of523

such decisions varied markedly across scales. This scale-specific pattern remained524

broadly consistent after accounting for estimated measurement precision, across differ-525

ent perturbation magnitudes, and across repeated split-half samples. Fragility was also526

strongly threshold-dependent, with most near-threshold decisions occurring around527

BR 75, although selected scales showed greater sensitivity around BR 85.528

The supporting profile-space analysis further showed that unadjusted fragility was529

nonrandomly distributed across the multivariate MCMI-IV profile space. However, this530

spatial concentration was substantially attenuated and no longer statistically signifi-531

cant after adjustment for overall BR elevation. The profile-space findings therefore do532

not support an independent “fragile-profile” subtype, but instead indicate that much533

of the observed organization of fragility is related to the broader elevation structure534

of MCMI-IV profiles.535

These findings suggest that reporting proximity to BR 75 and BR 85 may provide536

an additional uncertainty descriptor alongside conventional categorical interpreta-537

tion, particularly for scores close to decision boundaries. The present study does not538

establish diagnostic validity, diagnostic accuracy, or clinical utility of such fragility539

information. External replication in independent populations and prospective clinical540

evaluation are therefore required to determine whether incorporating threshold-541

fragility information improves psychiatric assessment or clinical decision-making.542
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