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Abstract001

Machine learning models achieve state-of-the-art002

performance across domains, yet their lack of in-003

terpretability limits safe deployment in high-stakes004

settings. Counterfactual explanations are widely005

used to provide actionable “what-if” recourse, but006

they typically remain instance-specific and do not007

quantify which features systematically drive out-008

come changes within coherent regions of the feature009

space or across an entire dataset.010

We introduce FLEX (Feature importance from011

Layered counterfactual EXplanations), a model- and012

domain-agnostic framework that converts sets of013

counterfactuals into feature change frequency scores014

at local, regional, and global levels. FLEX gener-015

alises local change-frequency measures by aggregat-016

ing across instances and neighbourhoods, offering017

interpretable rankings that reflect how often each fea-018

ture must change to flip predictions. The framework019

is compatible with different counterfactual genera-020

tion methods, allowing users to emphasise charac-021

teristics such as sparsity, feasibility, or actionability,022

thereby tailoring the derived feature importances to023

practical constraints.024

We evaluate FLEX on two contrasting tabular025

tasks: traffic accident severity prediction and loan026

approval, and compare FLEX to SHAP- and LIME-027

derived feature importance values. Results show028

that (i) FLEX’s global rankings correlate with SHAP029

while surfacing additional drivers, and (ii) regional030

analyses reveal context-specific factors that global031

summaries miss. FLEX thus bridges the gap be-032

tween local recourse and global attribution, support-033

ing transparent and intervention-oriented decision-034

making in risk-sensitive applications.035

1 Introduction036

Black-box models such as deep neural networks and037

ensemble methods regularly surpass traditional ap-038

proaches across diverse tasks. However, their opacity039

raises concerns around trust, accountability, and in-040

tervention design in domains where errors can have041

severe consequences, such as traffic safety [1] or loan042

allocation.043

Explainable AI (XAI) methods aim to mitigate044

this opacity. Among them, counterfactual expla-045

nations (CFs) are especially intuitive, as they ask:046

“What minimal changes to input features would al- 047

ter the model’s prediction?” Formally, given X 048

with prediction a(X), a counterfactual X ′ satisfies 049

a(X ′) ̸= a(X) while typically aiming to minimise 050

||X ′ − X|| [2]. This makes CFs well-suited for re- 051

course: suggesting feasible changes to flip an unde- 052

sirable outcome. 053

Yet counterfactuals alone do not indicate which 054

features are most important, nor whether their im- 055

portance is stable across regions of the data space. 056

A feature critical in one subgroup may be irrele- 057

vant elsewhere. For example, in accident severity 058

models, junction type may dominate predictions in 059

one setting while weather plays a larger role in an- 060

other. Similarly, in loan allocation, income stability 061

may globally matter most, while education level is 062

decisive in certain applicant groups. 063

We address this by introducing FLEX, a frame- 064

work that extends counterfactual reasoning to derive 065

feature importance on three levels: 066

• Local: feature changes for individual CFs. 067

• Regional: importance within a neighbourhood 068

of similar instances. 069

• Global: importance aggregated across the 070

dataset. 071

The main contributions are: 072

1. A generalisable method for deriving feature im- 073

portance from counterfactuals which is agnostic 074

to the counterfactual generation approach. 075

2. Regional and global analyses that highlight con- 076

sistencies and divergences across the feature 077

space. 078

3. Demonstrations across two case studies: traffic 079

accident severity and loan allocation, compared 080

to existing feature importance methods, show- 081

ing FLEX’s utility in identifying both domain- 082

wide drivers and context-sensitive factors. 083

2 Related work 084

A growing line of work explores deriving feature 085

importance from counterfactuals rather than just 086

attributions. Meulemeester et al. [3] introduce 087

Counterfactual Feature Importance (CFI) and a 088

Shapley-style variant (CounterShapley) to quantify 089
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Figure 1. Pipeline to calculate the FLEX score which
involves having a factual (or set of factuals), generating
counterfactuals, and observing feature changes.

per-feature influence along factual→counterfactual090

transitions. Kommiya Mothilal et al. [4] propose091

methods to assess necessity and sufficiency of fea-092

tures based on whether they change across a set of093

counterfactuals. DisCERN [5] generates case-based094

counterfactuals by borrowing values from nearest095

unlike neighbours, aiming to minimise actionable096

changes.097

The DiCE framework [6] operationalises change-098

frequency-based importance both locally and glob-099

ally: it computes local importance by measuring how100

often each feature changes across multiple counter-101

factuals for an individual instance, then aggregates102

these to yield global importance scores across a set103

of instances. However, DiCE does not provide a104

notion of regional importance, i.e., feature-change105

frequency aggregated over meaningful subgroups or106

neighbourhoods of similar instances. Additionally,107

all non-zero changes in continuous features above a108

small precision tolerance are treated equally.109

FLEX builds on this foundation by explicitly110

formalising regional analysis and providing a user-111

defined threshold for capturing changes in continu-112

ous feature magnitude. It extends DiCE’s frequency-113

based importance to multiple levels and provides114

regional–global correlation diagnostics to highlight115

where feature importance aligns or diverges across116

subsets. This enables context-sensitive insights, iden-117

tifying features that drive outcome changes globally,118

as well as those that are particularly actionable119

within specific subpopulations. Furthermore, FLEX120

is agnostic to the counterfactual generation method:121

it can quantify feature importance using counter-122

factuals optimised for different desiderata such as123

sparsity [2], feasibility and actionability [7, 8], diver-124

sity [6], and could be extended to counterfactuals125

that enforce causal validity [9].126

3 FLEX Method127

Feature change frequency can serve as a key metric128

for evaluating the importance of features in coun-129

terfactual explanations. It is defined as the propor-130

tion of times a feature is changed between factual131

instances (undesirable predictions) and identified132

counterfactual instances (desirable predictions). The133

change frequency of feature j of an instance i for134

NCF counterfactual samples is given by: 135

f instance
j (i) =

1

NCF

NCF∑
k=1

I (Xj(i, k) ̸= Xj(i, orig))

(1) 136

where 137

I (Xj(i, k) ̸= Xj(i, orig)) =

{
1, if Xj(i,k)̸=Xj(i,orig)

0, otherwise

(2) 138

For the ith sample, let the original value of feature 139

Xj be denoted as Xj(i, orig), and let the value in 140

the kth counterfactual instance of the ith sample 141

be denoted as Xj(i, k). By comparing Xj(i, k) with 142

Xj(i, orig), using an indicator function I(·) that re- 143

turns 1 if the values differ and 0 otherwise as shown 144

in Eqn 2, it is recorded whether the feature changes 145

in each counterfactual instance. The hypothesis is 146

that if a feature is frequently modified in counter- 147

factual instances, it may play an important role in 148

altering the model’s prediction; conversely, if a fea- 149

ture is seldom changed, the feature may not have a 150

large influence on the classification outcome. FLEX 151

can be applied to find both global and regional fea- 152

ture importances (Fig 2) as described in the next 153

section as well as in Algorithm A.1. As shown, 154

FLEX is agnostic to the counterfactual generation 155

approach and can quantify feature importance using 156

counterfactuals optimised for different desiderata. 157

3.1 Global and Regional Feature 158

Change Frequency 159

In the global feature importance, the overall modi- 160

fication frequency of each feature is determined by 161

statistically analyzing counterfactual instances gen- 162

erated for each sample across the dataset, thereby 163

identifying the key features that consistently drive 164

prediction changes. Regional feature importance is 165

found by choosing a query factual and identifying 166

the most similar samples to the query factual to 167

form a region and then generating counterfactuals 168

for all the samples in the region. A nearest neighbor 169

algorithm using the Hamming distance is used to 170

identify the samples most similar to the given query 171

sample, where Hamming distance is defined as: 172

dh(x, y) =

m∑
j=1

I(xj ̸= yj) (3) 173

Within this target region, the modification frequency 174

of each feature is computed from the counterfactual 175

instances, and the average and standard deviation 176

of these local modification frequencies are further 177

calculated. The global and regional feature change 178

frequency can be calculated using a generic formula 179

of Fj for feature Xj using the following formula: 180

Fj =
1

NF

NF∑
i=1

f instance
j (i) (4) 181
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Figure 2. Demonstration on a toy 2D dataset labelled as the accident severity task. (1) Train a binary classifier
for accident severity. (2) Select high-severity instances (yellow) and their nearby low-severity counterfactuals
(lilac, Ncf = 3). (3) Regional case: select nearest neighbours around a point (green/pink regions) and their
counterfactuals (lilac). (4) Global insights: randomly sample high-severity points across the space and identify
counterfactuals. Feature change frequency is computed to quantify differences between factuals and counterfactuals

where global frequency F global
j , and regional fre-182

quency, F region
j , may use different values for NF183

and NCF given the differing magnitude of datapoints184

they each represent.185

3.2 Assessing Regional Feature Dis-186

tribution Changes187

To assess how individual features behave within a188

given sample and its corresponding regional group189

compared to the generated counterfactuals, we em-190

ploy a mode-based statistical method.191

First, for each feature, we identify the most com-192

mon category (i.e., the mode) and calculate its pro-193

portion within the factual data points. This provides194

a baseline for the primary distribution of that fea-195

ture. We then analyze how this distribution changes196

in the corresponding counterfactual instances by cal-197

culating the proportion of the same mode within198

the counterfactual data.199

By comparing these proportions, we can observe200

whether and to what extent the mode’s prevalence201

changes during counterfactual generation. This202

change is quantified using the relative change rate,203

defined as:204

δj =
pcfj − porigj

porigj

(5)205

where porigj is the proportion of the most common206

category for feature j in the factual sample, and207

pcfj denotes the proportion of the same category in208

the counterfactuals. The metric δj quantifies the209

percentage change in the proportion of that category210

during the counterfactual generation process and211

provides a standardized measure. If δj is positive, it212

indicates that the proportion of that category has213

increased in the counterfactual data; if negative, the214

proportion has decreased.215

When |δj | is small, it indicates that the counterfac-216

tual generation process has little impact on the main217

distribution of that feature, demonstrating that the 218

local explanation is relatively stable and consistent 219

with respect to that feature. Conversely, when |δj | 220

is large, it suggests that significant shifts occur in 221

that feature during the counterfactual generation 222

process, which may imply that the feature plays a 223

more critical role in the regional explanation. 224

3.3 Correlation Analysis of Regional 225

and Global Change Frequencies 226

We calculate the correlation between the regional 227

and global feature change frequencies in order to 228

understand if different regions are affected pre- 229

dominantly by global behaviour or region-specific 230

behaviour. The correlation between the regional 231

F region
j and the global change frequency F global

j , is 232

calculated using the Pearson correlation coefficient 233

(PCC) as follows: 234

r =

∑m
j=1(F

region
j − µre)(F

global
j − µg)√∑m

j=1(F
region
j − µre)2

√∑m
j=1(F

global
j − µg)2

(6) 235

where µre and µg represents the mean regional and 236

global feature change frequencies respectively. 237

In Fig 3, the example points A, B, C, and D are il- 238

lustrate different feature correlation scenarios, where 239

the line y = x, represents equal global and regional 240

importance of a particular feature. Therefore, the 241

distance of a data point from this line reflects the 242

degree of consistency or deviation between its global 243

and regional importance. 244

Point A represents data in the upper-left quad- 245

rant, where the feature exhibits low global feature 246

importance but high regional feature importance. 247

This indicates that while the feature does not sig- 248

nificantly impact the overall model predictions, it 249

is very important for defining the accident severity 250

classification of samples in this data region. 251
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Point B represents data in the lower-left quadrant,252

where the feature neither stands out on a global253

scale nor exhibits exceptional prominence regional,254

suggesting that its influence on model predictions255

remains low both globally and regionally.256

Point C represents data in the upper-right quad-257

rant, where the feature has high importance in both258

global and regional dimensions, signifying that it259

plays a crucial role not only in the overall dataset260

but also within specific localised samples.261

Point D represents data in the lower-right quad-262

rant, where the feature shows high global impor-263

tance but is not prominent regionally, indicating264

that, although it has a significant impact on overall265

model predictions, its importance does not manifest266

in some individual samples or regions.267

Figure 3. Example points A, B, C, and D are for
illustration only: A indicates low global but high regional
importance; B shows both are low; C indicates both
are high; and D shows high global but low regional
importance. The distance of each point from the line y
= x reflects the consistency or deviation between global
and regional importance.

4 Experimental268

We evaluate FLEX on two datasets from distinct269

domains:270

1. Traffic accident severity (Addis Ababa,271

Ethiopia, 2017–2020, [10]): 12,316 records, 11272

categorical features.273

2. Loan allocation (Kaggle1): 4269 records, con-274

tinuous, categorical and ordinal features describ-275

ing loan applicants.276

Where appropriate, data was preprocessed by en-277

coding text features and each dataset was then ran-278

domly divided into an 80% training set and a 20%279

test set. For each dataset, we train a random forest280

classifier and generate counterfactuals using DiCE281

1https://www.kaggle.com/datasets/architsharma01/

loan-approval-prediction-dataset/

[6]. Generalisability was assessed using 10 fold cross 282

validation within the training set. Immutable fea- 283

tures are excluded from CF changes (e.g., age, sex 284

in traffic data). Global analysis uses random factual 285

sampling and NF = 200, and Ncf = 10 were utilised, 286

meaning that 200 factual instances were randomly 287

selected from across eachundesirable factual class 288

(severe accident and loan rejection). Regional analy- 289

sis selects groups based on contrasting values (e.g., 290

high vs. low driving experience). For each region 291

one factual instance which met the stated certain 292

criteria was randomly selected and its four nearest 293

neighbours which met the same selection criteria, 294

resulting in NF = 5 to form a region of five similar 295

instances. As with the global approach, for each 296

factual Ncf = 10 counterfactuals were identified for 297

each. The average change frequency and standard 298

deviation for each feature change were then calcu- 299

lated. Code implementing the technique for these 300

experiments will be available upon publication2. 301

5 Result and Discussion 302

5.1 Application 1: Traffic accident 303

severity 304

Cross validation performance across 10 folds demon- 305

strated mean (std) accuracy and F1 score perfor- 306

mance of 83.44% (0.53) and 78.60% (0.55) respec- 307

tively . The final model, trained on the combined 308

training and validation sets, had accuracy and F1 309

score performance on the test set of 83.47% and 310

78.94%. This performance is comparable to other 311

ML models that have accuracies between 70 to 85% 312

and F1 scores between 77 to 86% [10]. Therefore 313

we deemed our models to be sufficient for effec- 314

tive counterfactual generation. DiCE resulted in 315

sparse feature changes in the generated counterfac- 316

tuals, with the majority of counterfactuals chang- 317

ing two or fewer features values (1460 instances of 318

2000, 70.3%). Such concise explanations are both 319

interpretable and practical, reflecting real-world con- 320

straints where only a few factors can reasonably be 321

adjusted. 322

5.1.1 Global Feature Change Frequency 323

We look at the global feature change frequency 324

(where the value varies between 0 to 1) to iden- 325

tify which features were globally the most important 326

for accident severity classification (Table 1). 327

There is a high level of agreement in the ranking 328

of feature importance between FLEX and SHAP. 329

FLEX provides the inherent advantage of measur- 330

ing uncertainty with the standard deviation. The 331

high change frequencies for Driving experience, 332

Cause of accident and Types of Junction indicate 333

2https://github.com/anoynmous_repo_to_share
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Table 1. Comparison of feature rankings by SHAP and
FLEX (Rank & Score µ± σ) for accident severity.

Feature FLEX SHAP
Driving experience 1 (0.34 ± 0.24) 3 (0.0224)
Cause of accident 2 (0.33 ± 0.23) 2 (0.0267)
Type of Junction 3 (0.29 ± 0.24) 1 (0.0277)
Type of collision 4 (0.28 ± 0.22) 6 (0.0144)
Vehicle movement 5 (0.23 ± 0.22) 4 (0.0177)
Weather conditions 6 (0.22 ± 0.22) 7 (0.0107)
Pedestrian movement 7 (0.22 ± 0.17) 9 (0.0035)
Light conditions 8 (0.20 ± 0.21) 5 (0.0169)
Road surface type 9 (0.10 ± 0.13) 8 (0.0040)

that these three features are adjusted most often to334

change a “severe” prediction to a “minor” accident335

severity prediction. This aligns with previous work,336

which found roadway design and speed-related fac-337

tors dominant via SHAP [11], and another which338

flagged the importance of junction type [12]. The339

least importance feature was Road surface type,340

indicating that it is unlikely to make a large differ-341

ence to the severity of the collision compared to the342

other features considered by the model. The high343

standard deviation of the values across all features344

suggest inconsistencies in the feature importance345

across samples and is highly dependent on the con-346

text and region we consider, therefore motivating a347

regional approach.348

5.1.2 Regional Feature Change Frequency349

In addition to considering the global importance of350

features across the entire data space, certain features351

may be important in a particular context for accident352

severity. Therefore, we explore the change frequency353

in local regions. We demonstrate this for regional354

approach for factuals chosen using contrasting fea-355

ture categories for two features: the number of years356

of Driving experience (<1 year and >10 years) and357

Weather conditions (“normal” and “rainy”), result-358

ing in four regions (Fig 4), which are compared to359

LIME-derived feature importances.360

In Region 1 (Fig 4(a)), representing a sample of361

highly experienced drivers, a change in the Type362

of Junction category was the largest contributor to363

reducing accident severity. This differed from the364

importance features of LIME which places a greater365

importance on Weather conditions. The features366

suggested to be least important in influencing a367

reduction in accident severity were the Road surface368

type. In contrast, Region 2 (Fig 4(b)) represents369

a region of inexperienced drivers. For this region,370

the lack of driving experience itself was found to be371

the most important feature in changing the accident372

severity from severe to minor. The second most373

important feature was the Weather conditions and374

these both agreed with the values obtained from375

LIME. In contrast to the experienced drivers of376

Region 1, the Vehicle movement was consistently one377

of the least important features in reducing accident378

severity for FLEX and Cause of accident was one 379

of the least important features for both FLEX and 380

LIME. 381

(a) Region 1: Driving experience >10 years

(b) Region 2: Driving experience <1 year

(c) Region 3: Weather conditions = “rainy”

(d) Region 4: Weather conditions = “normal”

Figure 4. Mean and standard deviation of local fea-
ture change frequencies computed for four contrastive
regions, each formed by randomly selecting a factual
instance and its four nearest factual neighbours with a
specific categorical feature value (for example, driving
experience more than 10 years for region 1) and using
10 counterfactuals generated per factual instance. This
is compared to importance scores from LIME which is
normalized to be between 0 and 1.
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Regions 3 and 4 demonstrate the approach for382

differing weather conditions: “rainy” and “normal”383

respectively. For the factual instances presented in384

Region 3 (Fig 4(c)), the Weather conditions them-385

selves (“rainy”) were the largest accident severity386

contributors, followed by features including the Driv-387

ing experience: suggesting that sufficient driving388

experience is required in suboptimal weather condi-389

tions. Weather’s elevated importance under rainy390

conditions echoes results from a study into older-391

pedestrian crashes, where precipitation amplified392

risk factors that were muted in global models [13].393

In contrast, for Region 4 (Fig 4(d)), the “normal”394

weather conditions had a low impact on accident395

severity and the specific cause of the accidents were396

highly important in both FLEX and LIME.397

These results reveal regional variation in the fea-398

tures that drive counterfactual changes in the ac-399

cident severity. These differences reflect nuanced400

underlying variations in the feature distributions401

and local dynamics of each region, highlighting the402

value of regional analysis. For all four regions Road403

surface type was consistently one of the least im-404

portant features, correlating with the global finding405

(Table 1). Similarities and differences between the406

regional and global importance are considered in407

more detail in a following section.408

Feature change insights for Region 1 To409

demonstrate the potential to obtain more in-depth410

insights into the reason for severe accidents, we have411

performed further analysis for Region 1 (high Driv-412

ing experience) by considering the specific categor-413

ical feature values between factual and counterfac-414

tual instances. Table 2 compares the most common415

feature values in the original factual samples from416

Region 1 with their counterfactuals. The reduction417

in mode frequency for each feature is represented by418

δj .419

The high factual mode % for most features indi-420

cates that our regional approach successfully identi-421

fied groups of similar accident situations. For this422

region, Vehicle movement was the largest contrib-423

utor to accident severity. In the factual instances424

(severe accident severity), “Turnover” was the most425

frequent category, represented by 60% of factual426

instances, suggesting that this is a common cause427

of severe accidents. In the counterfactual instances,428

the frequency of “Turnover” dropped to 14% and in-429

stead the most common Vehicle movement category430

in the minor accident severity group was “Going431

straight”.432

A more modest drop in occurrence of the most433

frequent feature categories occurred for the other fea-434

tures and the mode in the counterfactuals remained435

the same as for the factual instances, suggesting436

that they were modified only for a small number of437

instances and that these feature changes were less438

consistently important. The change in frequency 439

of the driving experience for this group of experi- 440

enced drivers (100% to 58%) is quite surprising as it 441

suggests that a driver having less experience would 442

lower accident severity. A possible reason could be 443

overconfidence in driving ability. To address this, 444

drivers could be retested several years after obtain- 445

ing their license to prevent complacency. Further 446

work is required, including involvement of domain 447

experts, before drawing robust conclusions yet these 448

initial findings reinforce the potential value of lo- 449

calised counterfactual analysis in uncovering key 450

decision-driving factors within specific regions. The 451

proposed method offers quantifiable insights that 452

may be useful as part of wider analysis with domain 453

experts. 454

Table 2. Comparison of the most frequent feature
categories for the factual and counterfactual samples of
Region 1. Factual Mode: the most frequent category
for each feature in the original factual instances. Mode
%: the proportion of factuals in that region with that
categorical value. CF Mode % presents the proportion
of counterfactual feature values populated by the factual
mode. δj : Relative change rate from equation 5.

Feature Factual Mode (%) CF Mode % δj
Driving experience Above 10yr (100.00%) 58.00% -0.42
Types of Junction Crossing (100.00%) 56.00% -0.44
Road surface type Asphalt roads (100.00%) 88.00% -0.12
Light conditions Darkness – lights lit (80.00%) 48.00% -0.40
Weather conditions Normal (100.00%) 86.00% -0.14
Type of collision Vehicle with vehicle collision (100.00%) 50.00% -0.50
Vehicle movement Turnover (60.00%) 14.00% -0.77
Pedestrian movement Not a Pedestrian (100.00%) 70.00% -0.30
Cause of accident No distancing (40.00%) 36.00% -0.10

5.1.3 Comparing Regional and Global Fea- 455

ture Change Frequency 456

Figure 5 presents a comparison of global and re- 457

gional feature change frequency for Regions 1 and 458

2. As outlined in Figure 3, this provides a means to 459

assess alignment between global and local feature 460

importance. Both of the regions show a weak to 461

moderate correlation between global and regional 462

feature change frequency: r = 0.35 and r = 0.50 463

respectively, indicating that counterfactual expla- 464

nations are region-specific and influenced by local 465

feature distributions, and that explanations based 466

on global patterns may not generalize well across all 467

data subsets. 468

The low regional and global impact of Road sur- 469

face type (red circle on the plots) on accident sever- 470

ity is consistent between both the experienced and 471

inexperienced drivers. Other than that, there are 472

variations in which features align well with the global 473

feature change frequency (near to the red dashed di- 474

agonal line) and those which stray from it. Weather 475

Conditions and Driving Experience for Region 1, the 476

experienced drivers, have a particularly high impor- 477

tance for this specific region and a modest global 478

importance. For Region 1 all the other features are 479
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(a) Region 1: Driving experience >10 years, r = 0.35
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(b) Region 2: Driving experience <1 year, r = 0.50

Figure 5. Plotting the global feature change frequency
values against those for each region. Pearson correlation
coefficients (“r”) are presented for each.

less important in this region than globally (below the480

dashed line), indicating that this group of accidents481

is quite different to the wider data set of road acci-482

dent events. In comparison, Region 2 primarily has483

features above the dashed line, indicating increased484

importance compared to the global scenario.485

These results underscore the importance of ana-486

lyzing counterfactual behavior at both global and lo-487

calized levels for more accurate and context-sensitive488

interpretability. Furthermore, this form of analy-489

sis could provide a complementary means to assess490

how similar a localised group of instances are to491

the wider data set, and to highlight similarities and492

differences to feature importances across a data set.493

Further work could include additional visualisation494

techniques to compare multiple regions.495

5.2 Application 2: Loan allocation496

The random forest classifier trained for this task497

achieved accuracy and F1 score performance on the498

test set of 98.13%. Both achieved the same perfor- 499

mance because the weighted average was applied. 500

5.2.1 Global Feature Change Frequency 501

FLEX is a powerful algorithm for both categorical 502

and continuous feature explainability. We observe 503

in Table 3 how both SHAP and FLEX assign a high 504

value to the cibil score (credit score), solidifying it 505

as the most globally essential feature in this analysis. 506

FLEX produces close to same results as SHAP. 507

Table 3. Comparison of feature rankings by SHAP and
FLEX (Rank & Score µ± σ) for loan allocation.

Feature FLEX SHAP
cibil score 1 (0.76 ± 0.24) 1 (0.4053)
loan term 2 (0.20 ± 0.18) 2 (0.0522)
loan amount 3 (0.16 ± 0.19) 3 (0.0142)
luxury assets value 4 (0.08 ± 0.12) 5 (0.0065)
bank asset value 4 (0.08 ± 0.12) 8 (0.0046)
no of dependents 4 (0.08 ± 0.10) 9 (0.0027)
income annum 7 (0.06 ± 0.11) 4 (0.0109)
commercial assets value 8 (0.05 ± 0.12) 7 (0.0051)
education 8 (0.05 ± 0.11) 10 (0.0027)
residential assets value 10 (0.04 ± 0.08) 6 (0.0058)
self employed 11 (0.03 ± 0.07) 11 (0.0022)

5.2.2 Effect of Threshold on Feature Impor- 508

tance 509

One important benefit of FLEX is the ability to com- 510

pute importances based on a predefined threshold 511

hyperparamater τ (see Algorithm A.1). We eluci- 512

date the effect of such an essential hyperparameter 513

in Fig. 6, where we learn that the cibil score changes 514

frequently but not always by a large amount. This 515

is a valuable insight that is not provided by alter- 516

native XAI approaches like SHAP or DiCE-derived 517

feature importances (Algorithm A.2) [14]. Extensive 518

comparative details can be found in Appendix A.2. 519

6 Conclusion and future work 520

A global and regional counterfactual explanation 521

framework, FLEX, was developed. The framework 522

was applied to two datasets, from different domains 523

and composed of varying feature types. 524

FLEX revealed global insights into feature impor- 525

tance, with a clear ranking of overall importance 526

which broadly aligned with SHAP rankings for both 527

tasks. This happens despite FLEX being substan- 528

tially more computationally efficient than SHAP 529

(Appendix A.1). FLEX computes feature impor- 530

tances in O(F · Ns · Ncf), while (Kernel)SHAP is 531

O(2F · Ns), i.e., exponential in the number of fea- 532

tures to explain F . Furthermore, FLEX returns 533

standard deviations critical for assessing uncertainty, 534

and offers the potential to tailor counterfactuals to 535

specific desiderata: for example enforcing that the 536

recourse path is feasible and actionable. 537
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Figure 6. Impact of the threshold on loan allocation
feature importances. (Top) τ = 0.1, (Middle) τ = 0.5,
(Bottom) τ = 0.9. Large thresholds naturally means
detecting fewer changes. For instance the cibil score
changes frequently, but not always by a large amount.

Correlations between global and regional change538

frequencies for the accident severity task were at539

most r = 0.50, indicating that localised regional540

cases often deviate from wider trends.541

In the loan allocation task, FLEX confirms that542

the cibil score (credit score) is globally the most543

critical factor when allocating these loans. Analysis544

into the τ feature change magnitude hyperparameter545

confirmed that while cibil score varies often, that546

change is not necessarily by a large amount. Such547

insights should prompt further investigations, and548

can be used to make (or avoid making) decision that 549

minimise (or perpetuate) the model’s unfair biases. 550

Label encoding was used to convert any categor- 551

ical feature values into numerical values, yet this 552

introduces an artificial order. This can bias distance- 553

based nearest-neighbour and counterfactual genera- 554

tion approaches, leading to inaccurate assessments of 555

feature similarity and undermining the reliability of 556

the explanations. As such, further work is required 557

to refine the implementation for ordinal features 558

and must include collaboration with domain experts. 559

Utilising techniques to causal reasoning and build- 560

ing on recent work in this domain [15] would enable 561

more robust conclusions to be drawn. Future work 562

should also incorporate additional evaluation met- 563

rics for counterfactuals, especially those assessing 564

sufficiency and necessity. Building on the framework 565

from [4], these metrics would assess whether certain 566

features are essential to maintain the original predic- 567

tion (sufficiency) and how their modification affects 568

the outcome (necessity), providing further insights. 569

The presented findings demonstrate that FLEX 570

can clarify the decision-making process of black-box 571

models and provide actionable insights alongisde in- 572

put from domain experts and complimenting existing 573

analytical techniques. By quantifying both global 574

importance and regional variability, this approach 575

enables more targeted interventions and insights to 576

improve transparency in safety-critical tasks. 577
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A Algorithms621

A.1 Comparison between FLEX and SHAP622

The main FLEX algorithm, accounting for both categorical and continuous features, is presented in623

Algorithm A.1 with computational complexity O(F ·Ns ·Ncf) where Ns is the number of factual instances,624

F the number of features to vary, and Ncf the number of counterfactuals per instance. With its linearity625

with respect to the number of features to vary, our counterfactual algorithm is a substantial improvement626

over the established (Kernel)SHAP and its exponential cost O(2F ·Ns) [16].627

Additionally, A.1 covers both global and regional versions of FLEX. In the global case, the Ns are628

generated randomly, while in the regional case, a first instance with a number of features of interest is629

chosen, then the remaining 1−Ns are selected based on nearest neighbour search.630

A.2 Comparison between FLEX and DiCE631

The primary distinctions between the FLEX algorithm (see A.1) and the DiCE global importance algorithm632

(see A.2) lie in the metrics they compute and their fundamental definition of what constitutes a significant633

feature change.634

1. Output Metrics: The FLEX algorithm provides a more comprehensive, two-dimensional analysis635

by calculating two distinct metrics:636

• Φ: The frequency of feature changes, which indicates how often a feature is modified.637

• µ: The average relative magnitude of changes for continuous features, quantifying the typical638

size of an adjustment.639

In contrast, the DiCE algorithm (A.2) computes a single metric, ΦDiCE, which is equivalent to640

FLEX’s frequency of change, but it does not measure the magnitude of these changes.641

2. Condition for a “Change” in Continuous Features: A key conceptual difference is how each642

algorithm registers a change for a continuous variable.643

• In FLEX (A.1), a change is only counted towards the frequency score Φj if the normalized644

magnitude of the change exceeds a predefined threshold τj (i.e.,
|x′

k,j−xq,j |
range(Xj)

> τj). This allows645

the analysis to focus only on substantively significant alterations.646

• The DiCE algorithm (A.2), however, counts any non-zero modification to a feature’s value as a647

change, as long as it is greater than a small machine precision tolerance ϵ. It does not account648

for the significance or magnitude of the change.649
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Algorithm A.1 FLEX - Counterfactual Feature Analysis

1: procedure AnalyzeChanges(Q,GenerateCFs, Ncf, τ , range)
Inputs:

2: Q: A set of Ns query instances {xq1 , . . . ,xqNs
} for which the original outcome is undesirable.

3: GenerateCFs(xq, Ncf): A function that returns a set of Ncf counterfactuals for an instance xq.
4: Ncf: The number of counterfactuals to generate per instance.
5: τ : A vector of change thresholds for continuous features, where τj is the threshold for feature j.
6: range(Xj): A function that returns the pre-computed range (max−min) of a feature j from the

training data.

Outputs:
7: Φ: A vector of Global Feature Change Frequencies, where Φj is the frequency for feature j.
8: µ: A vector of Global Average Relative Magnitudes for continuous features, where µj is the

magnitude for feature j.

Initialization:
9: Initialize Φ← zero vector of size d

10: Initialize µ← zero vector of size dcont ▷ d is total features, dcont is continuous features
11: Initialize two lists of lists, Lϕ and Lµ, to store per-feature per-instance results.

12: for each instance xq in Q do
13: Cq ← GenerateCFs(xq, Ncf) ▷ Generate counterfactuals
14: for each feature j = 1, . . . , d do
15: cj ← 0 ▷ Change counter for frequency
16: mj ← 0 ▷ Accumulator for magnitude
17: for each counterfactual x′

k in Cq do
18: if feature j is categorical then
19: if x′

k,j ̸= xq,j then
20: cj ← cj + 1
21: end if
22: else if feature j is continuous then
23: ∆k,j ← |x′

k,j − xq,j |
24: mj ← mj +

∆k,j

range(Xj)
▷ Accumulate relative magnitude

25: if
∆k,j

range(Xj)
> τj then

26: cj ← cj + 1
27: end if
28: end if
29: end for
30: ϕj(xq)← cj/Ncf ▷ Calculate frequency change
31: Add ϕj(xq) to list Lϕ[j]
32: if feature j is continuous then
33: µj(xq)← mj/Ncf ▷ Calculate average relative magnitude
34: Add µj(xq) to list Lµ[j]
35: end if
36: end for
37: end for

Aggregation:
38: for j = 1, . . . , d do
39: Φj ← 1

Ns

∑Ns

i=1 Lϕ[j][i] ▷ Average the frequencies
40: if feature j is continuous then
41: µj ← 1

Ns

∑Ns

i=1 Lµ[j][i] ▷ Average the local relative magnitudes
42: end if
43: end for
44: return Φ,µ
45: end procedure
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Algorithm A.2 DiCE - Global Feature Importance (reported and interpreted from [6])

1: procedure GlobalImportance(Q,GenerateCFs, Ncf)
Inputs:

2: Q: A set of Ns query instances {xq1 , . . . ,xqNs
} for which the original outcome is undesirable.

3: GenerateCFs(xq, Ncf): A function that returns a set of Ncf counterfactuals for an instance xq.
4: Ncf: The number of counterfactuals to generate per instance.

Outputs:
5: ΦDiCE: A vector of Global Feature Change Frequencies, where ΦDiCE

j is the frequency for feature
j.

Initialization:
6: Initialize C ← zero vector of size d ▷ Global change counters for d features
7: Initialize Ntotal cf ← 0 ▷ Total number of counterfactuals generated

8: for each instance xq in Q do
9: Cq ← GenerateCFs(xq, Ncf) ▷ Generate counterfactuals

10: for each counterfactual x′
k in Cq do

11: Ntotal cf ← Ntotal cf + 1
12: for each feature j = 1, . . . , d do
13: if feature j is categorical then
14: if x′

k,j ̸= xq,j then
15: Cj ← Cj + 1
16: end if
17: else if feature j is continuous then
18: if |x′

k,j − xq,j | > ϵ then ▷ ϵ is a small tolerance, e.g., 10−6

19: Cj ← Cj + 1
20: end if
21: end if
22: end for
23: end for
24: end for

Aggregation:
25: Initialize ΦDiCE ← zero vector of size d
26: if Ntotal cf > 0 then
27: for j = 1, . . . , d do
28: ΦDiCE

j ← Cj/Ntotal cf ▷ Normalize by total number of counterfactuals
29: end for
30: end if
31: return ΦDiCE

32: end procedure
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