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Abstract001

AI-driven automated scoring systems offer scal-002
able and efficient means of evaluating complex003
student-generated responses. Yet, despite in-004
creasing demand for transparency and inter-005
pretability, the field has yet to develop a widely006
accepted solution for interpretable automated007
scoring to be used in large-scale real-world as-008
sessments. This work takes a principled ap-009
proach to address this challenge. We analyze010
the needs and potential benefits of interpretable011
automated scoring for various assessment stake-012
holder groups and develop four principles of013
interpretability – Faithfulness, Groundedness,014
Traceability, and Interchangeability (FGTI) –015
targeted at those needs. To illustrate the fea-016
sibility of implementing these principles, we017
develop the ANALYTICSCORE framework for018
short answer scoring as a baseline reference019
framework for future research. In terms of scor-020
ing accuracy, ANALYTICSCORE outperforms021
many uninterpretable scoring methods and is,022
on average, within 0.06 QWK of the uninter-023
pretable SOTA across 10 items from the ASAP-024
SAS dataset. By comparing against human025
annotators conducting the same featurization026
task, we further demonstrate that the featuriza-027
tion behavior of ANALYTICSCORE aligns well028
with that of humans.029

1 Introduction030

Accurate and credible assessment of knowledge031

and skills forms the basis for effective decision032

making in a variety of educational contexts, from033

student learning and instructional design to pro-034

gram development and policy making (Berman035

et al., 2019). When the set of knowledge and036

skills to be gauged involves complex, open-ended037

problem-solving and communication abilities, AI-038

driven automated scoring systems can offer rapid,039

accessible, and scalable alternatives to the other-040

wise labor-intensive and costly process of training041

and deploying human scorers (Foltz et al., 2020).042

Automated scoring systems have been increasingly 043

adopted across many assessment contexts over the 044

past several decades, achieving acceptable levels of 045

scoring accuracy in various areas of human learn- 046

ing (Whitmer and Beiting-Parrish, 2023, 2024). 047

Despite progress, automated scoring of open- 048

ended responses has yet to reliably obtain gener- 049

alizable scoring accuracy across diverse scoring 050

contexts. Even when automated scoring meets ac- 051

ceptable levels of scoring accuracy, errors or biases 052

inherent in the scoring algorithm can profoundly 053

harm student learning and equity, policy evaluation, 054

and public trust (Pellegrino, 2022; Berman et al., 055

2019). For these reasons, improving transparency 056

and interpretability in automated scoring has now 057

become a moral imperative, not a mere technical 058

preference (Khosravi et al., 2022; Holmes et al., 059

2022; Memarian and Doleck, 2023; Schlippe et al., 060

2022). Yet, in spite of the growing research on in- 061

terpretable and explainable AI as well as its applica- 062

tions specifically within educational assessment, in- 063

terpretable automated scoring remains mostly con- 064

fined to academic research with limited adoption 065

in large-scale, real-world assessment (Institute of 066

Education Statistics, 2023; Whitmer and Beiting- 067

Parrish, 2023, 2024). 068

In this paper, we take a principled approach to- 069

wards building a practical interpretable automated 070

scoring solution for large-scale assessments. An 071

effective interpretability solution begins by identi- 072

fying the diverse needs of each stakeholder in un- 073

derstanding the system’s decisions, and by ground- 074

ing the development of interpretable AI systems in 075

those needs (Bhatt et al., 2020; Preece et al., 2018; 076

Páez, 2019). Research on interpretable automated 077

scoring, on the other hand, has largely ignored this 078

need-finding process. As we discuss in Section 2.2, 079

this neglect has often led to several claimed inter- 080

pretability solutions that fail to address the diverse 081

and nuanced interpretability needs of the human 082

actors in educational assessment. 083
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We identify the needs and benefits of scoring084

model explanations for various large-scale assess-085

ment stakeholder groups consisting of test takers,086

assessment developers, and test users (Section 2.1).087

Targeted at those needs, we develop the princi-088

ples of faithful, grounded, traceable, and inter-089

changeable (FGTI) model interpretations for AI-090

driven automated scoring (Section 2.2).091

We further illustrate the feasibility of implement-092

ing the FGTI principles in practice and establish093

a concrete baseline for future work (Section 3).094

ANALYTICSCORE is the first interpretable au-095

tomated short-answer scoring framework to em-096

body our principles. It operates by extracting ex-097

plicitly identifiable elements from unannotated re-098

sponse texts and featurizing each response into099

human-interpretable values based on those ele-100

ments. These features are input to an intuitive101

ordinal logistic regression module for scoring.102

We measure the performance of ANALYTIC-103

SCORE on a real-world response dataset by mea-104

suring (1) scoring accuracy and (2) alignment105

of featurization behaviors with human judgments106

(Sections 4 and 5). ANALYTICSCORE outper-107

forms many uninterpretable scoring methods and108

is within 0.06 QWK of the uninterpretable SOTA109

on average across 10 items from the ASAP-SAS110

dataset. The featurization behavior of ANALYTIC-111

SCORE also aligns well with humans (0.90, 0.72,112

0.81 QWK across assessment areas). Our findings113

indicate strong potential for implementing accu-114

rate and well-aligned interpretability solutions that115

meet the real needs of assessment stakeholders.116

Automated Scoring and Interpretable AI Re-117

searchers have increasingly noted the need to en-118

hance the transparency of complex AI-driven au-119

tomated scoring systems through model explana-120

tions (Bennett and Zhang, 2015; Bauer and Zapata-121

Rivera, 2020; Schlippe et al., 2022). Several ap-122

proaches have been proposed to address this chal-123

lenge, and we discuss them in detail in Section 2.2124

in connection with our four principles.125

Despite growing research interests, interpretable126

automated scoring still lacks practical adoption and127

meaningful field use. The 2023 NAEP Math Au-128

tomated Scoring Challenge1 for open-ended math129

responses organized by the US National Center for130

Education Statistics (NCES) found that none of131

the submissions met the criteria for interpretabil-132

1https://github.com/NAEP-AS-Challenge/
math-prediction

ity despite several methods achieving near-human 133

scoring accuracy (Institute of Education Statistics, 134

2023; Whitmer and Beiting-Parrish, 2024). Our 135

work provides a stakeholder-centered approach to- 136

wards addressing this gap. 137

2 Building the Principles of Interpretable 138

Automated Scoring 139

Insights derived from scoring support various hu- 140

man actors throughout the overall assessment pro- 141

cess. Below we analyze three main stakeholder 142

groups in large-scale assessment – test takers, as- 143

sessment developers, and test users (Berman et al., 144

2019; AERA et al., 2014). Each stakeholder 145

group’s distinct roles and priorities uniquely shape 146

how interpretable automated scoring can improve 147

their assessment experience. 148

2.1 Interpretability Needs and Benefits 149

Test Takers The needs and benefits of inter- 150

pretable scoring vary depending on the assessment 151

type: summative or formative. Most large-scale 152

assessments are summative assessments, which are 153

assessments of learning that support evaluating 154

learner achievement, assigning grades, or deter- 155

mining proficiency levels (Harlen, 2005). Because 156

these assessments often drive high-stakes decisions, 157

test takers need to trust the fairness and justifiabil- 158

ity of scoring decisions (Williamson et al., 2012). 159

Provided that the scoring algorithm implements 160

sound scoring logic, allowing test takers or their 161

representatives to examine traceable explanations 162

for scoring decisions can foster trust (Bauer and 163

Zapata-Rivera, 2020; Ferrara and Qunbar, 2022). 164

These explanations can also support a streamlined 165

quality control process by facilitating the identifica- 166

tion and correction of errors, improving the overall 167

integrity of the assessment (see Bennett and Zhang 168

(2015) and Ferrara and Qunbar (2022)). 169

Formative assessments are assessments for learn- 170

ing, intended to guide and improve learner perfor- 171

mance through frequent practice, progress moni- 172

toring, and skill diagnosis (Wiliam, 2011; Black 173

and Wiliam, 1998). In this context, the function of 174

automated scoring is primarily to provide timely, 175

effective and actionable feedback to support learner 176

learning (Bennett, 2006; DiCerbo et al., 2020). Ef- 177

fective feedback should help learners understand 178

the discrepancy between their work and a desired 179

outcome (Schwartz et al., 2016). A step-by-step 180

explanation of the features observed in a learner’s 181
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work, coupled with human understandable descrip-182

tions of how those features were processed can be183

used to provide such elaborative feedback.184

Assessment Developers Scoring algorithms185

should reliably identify evidence of the constructs186

(target knowledge, skills, and abilities) measured187

by the task (Bejar et al., 2016). Understanding188

the types of evidence that an automated scoring189

algorithm reliably detects also informs other key190

aspects of assessment design, such as construct se-191

lection and task design (Bennett and Bejar, 1998).192

Model explanations can facilitate this understand-193

ing by transparently revealing the features used by194

the scoring algorithm and its intermediate reason-195

ing steps. Explanations can also help determine196

which parts of the algorithm can be reused, avoid-197

ing the costly and time-consuming process of train-198

ing a new scoring algorithm for each new task (see199

DiCerbo et al. (2020)).200

Model explanations also yield specific insights201

into areas where the scoring model can be improved202

and how. Scoring models often need to be tuned203

for various reasons. For instance, models trained204

on data may reflect biases related to response strate-205

gies specific to student groups (Ferrara and Qun-206

bar, 2022; Rupp, 2018). Scoring models may also207

become less stable over time as the test-taker popu-208

lation and/or scoring criteria change (Bejar et al.,209

2016). Transparent inspection of model decisions210

helps identify problematic model elements, en-211

abling targeted data collection and modified train-212

ing objectives to improve the model.213

Test Users Test users, including professionals214

who select and administer tests, educators, admin-215

istrators, and policymakers, depend on score reli-216

ability and interpretation validity to make system-217

level or instructional decisions. Their reliance on218

the integrity and validity of scores to drive deci-219

sions is significant (AERA et al., 2014). Model220

explanations provide concrete evidence to validate221

the choice of the scoring model2. This includes222

understanding whether the extracted features and223

scoring logic fully capture the rubric and the con-224

struct definition, and whether the internal structure225

of the automated scores align with the construct of226

interest (Bennett and Zhang, 2015).227

2More examples of validity arguments on the use of au-
tomated scoring can be found in (Bennett and Zhang, 2015,
Table 7.7).

2.2 The FGTI Interpretability Principles 228

We develop four foundational interpretability prin- 229

ciples – Faithful, Grounded, Traceable, and 230

Interchangeable (FGTI) – targeting the needs and 231

benefits of large-scale assessment stakeholders 232

from Section 2.1. Our first foundational princi- 233

ple is that explanations should be faithful (Jacovi 234

and Goldberg, 2020). Faithfulness is an important 235

requirement in many high-stakes applications of in- 236

terpretable AI (Rudin, 2019). Similar expectations 237

extend to assessments, and all of the needs and 238

benefits outlined in Section 2.1 depend crucially on 239

faithfulness. 240

Principle 1 (Faithful) Explanations of scoring de- 241

cisions should accurately reflect the computational 242

mechanism behind the scoring model’s prediction. 243

A notable example of unfaithful scoring expla- 244

nations are texts produced by prompting LLMs 245

to generate an explanation (e.g., Lee et al. (2024) 246

and Li et al. (2025)). Stepwise reasoning verbal- 247

ized by LLM through prompting strategies such 248

as chain-of-thought (Wei et al., 2022) are not ex- 249

planations of their internal computation (Sarkar, 250

2024) and often fail to reflect the model’s true rea- 251

soning behavior (Turpin et al., 2023; Arcuschin 252

et al., 2025). Moreover, LLMs are highly sensi- 253

tive to superficial changes in prompts and input 254

text, frequently exhibiting inconsistent judgments 255

(Wang et al., 2024). Therefore, even when LLMs 256

achieve high scoring accuracy, prompting them to 257

“explain their decisions” cannot reliably address the 258

stakeholder needs identified in Section 2.1. 259

Next, the model should use meaningful features 260

that are explicitly linked to each student’s work 261

and rely only on those features for the downstream 262

computation. 263

Principle 2 (Grounded) Initial features com- 264

puted by the scoring model should represent 265

human-understandable, explicitly identifiable 266

elements of student work and item task. 267

Regardless of the routine used to derive those fea- 268

tures, these feature values should possess meaning 269

that is understandable to humans and be explic- 270

itly based both in the student work and item task. 271

For instance, cosine similarity of sentence embed- 272

dings used as an input feature (e.g., Condor and 273

Pardos (2024)) is less human-understandable than 274

discrete features whose values are associated with 275

clear, verbalizable meaning. Having features that 276

are grounded addresses the need to scrutinize the 277

features of the scoring engines. 278
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• The response fully states            ,            , and
. It conveys the main elements of             . 

• The total evidence value for the response is S, 
which qualifies for the final score of 1 out of 2. 

• If instead the response had fully stated             or 
stated elements of             , the response would 
have qualified for a score of 2

③ Score② Featurize① Extract

Student 
Responses

C1 C2 C3 C4 C5 C6 C7

Panda and koala are specialists because 
they only eat one thing almost exclusively. 
But a python can eat many types of foods 
and survive in many different locations”

…
Pandas and koalas are specialists
Pythons are generalists
Pandas and koalas only eat one food
Pythons eat a variety of food
Pandas and koalas have limited habitat
Pythons adapt well to new environments
Pythons are carnivores

C1
C2
C3
C4
C5
C6
C7

…

Analytic Components

❌🔼❌✅✅❌✅

✅: “Direct paraphrase of entire statement”
🔼: “Direct paraphrase of main conceptual elements”
❌: “No direct paraphrase of the ideas”

Feature Values (Abbr.) 

C1 C3
C4

Explanation of Scoring Process

C6

C4
C2

𝜃! ≤ 𝜂 < 𝜃" Final Score: 1

+w1,✅ w2,❌ w3,✅ w4,✅ w5,❌ w6,🔼 w7,❌+ + + + +𝜂 =

Figure 1: Schematic of the ANALYTICSCORE framework. The example question is: “Explain how pandas in
China and koalas in Australia are similar, and how they both are different from pythons.”

How should the model process these features279

to ultimately produce a final score? Scoring is in-280

herently an evidentiary reasoning process, where281

elements of the student response and item tasks282

serve as evidence to support the inference about283

student knowledge and skills that the score repre-284

sents (DiCerbo et al., 2020; Mislevy, 2020). Stake-285

holders need to be able to inspect and interact with286

the internal structure of the scoring model to en-287

sure soundness, construct-relevance, and fairness288

(Section 2.1). To meet this need, the model’s evi-289

dentiary reasoning process must be decomposable290

into clear, sequential steps that a human could re-291

liably execute and possibly intervene. Our next 2292

principles state that the scoring model should be293

conducive to this decomposition and intervention:294

Principle 3 (Traceable) The scoring model295

should consist of subroutines that each represent a296

specific, well-defined evidentiary reasoning step297

on clearly specified inputs.298

Principle 4 (Interchangeable) A human should299

be able to act interchangeably on each of the rea-300

soning subroutines.301

Not all intermediate representations calculated by302

the model need to be understandable by human,303

but the reasoning subroutines should collectively304

account for the entire scoring logic. Moreover,305

humans should be able to act interchangeably with306

each subroutine and replace its outputs with human-307

generated results if deemed necessary.308

Many proposed interpretability approaches are309

not grounded, traceable, or interchangeable in the310

sense described above. These include, for in-311

stance, calculating feature importance values (Ku-312

mar and Boulanger, 2021, 2020; Schlippe et al.,313

2022; Asazuma et al., 2023), displaying feature314

attribution maps (Schlippe et al., 2022; Li et al.,315

2025), or presenting confidence metrics for scoring 316

decisions (Conijn et al., 2023). This limits the ca- 317

pacity to thoroughly inspect the model’s features 318

and internal decision-making structure. 319

3 A Principled Framework for 320

Interpretable Automated Scoring 321

To illustrate the feasibility of implementing the 322

FGTI principles and to set a baseline for future 323

research, we present ANALYTICSCORE as a ref- 324

erence framework in the domain of short-answer 325

scoring. In this setting, students write a short 1- 326

5 sentence answer in response to an assessment 327

item which is scored with an emphasis on con- 328

tent correctness and demonstrated reasoning (Lea- 329

cock and Chodorow, 2003; Shermis, 2015). The 330

scoring model has access to a training set of stu- 331

dent response texts paired with human-annotated 332

scores (r1, s1), ..., (rn, sn) as well as unannotated 333

responses {rn+1, ..., rm}. The goal at inference 334

time is to predict the score s for a new response r. 335

ANALYTICSCORE (Figure 1) is a 3-phase, LLM- 336

based framework embodying the FGTI principles. 337

Phase 1 identifies explicitly grounded analytic com- 338

ponents to be used. Phase 2 catalogs, or featurizes, 339

the presence of these components in student re- 340

sponses. Phase 3 uses the features to compute a 341

score. Phases 1 and 2 depend only on the response 342

texts without any annotations. Human score labels 343

are only used during Phase 3. 344

3.1 Phase 1: Extracting Analytic Components 345

With the response texts from the training set (and 346

optionally the content of the assessment item), AN- 347

ALYTICSCORE first extracts a set of analytic com- 348

ponents, which are explicitly identifiable elements 349

of student responses described in Principle 2. For 350

the short-answer scoring task considered in this 351
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work, we operationalize analytic components as352

propositions.353

[c1, ..., ck] = Extract(r1, ..., rm),354

Provided the extracted components align with355

the intended item design and are human understand-356

able, any procedure can be used for component ex-357

traction. If necessary, these components could also358

be manually reviewed and modified by assessment359

designers. In this work, we implement component360

extraction by prompting an LLM with the prompts361

shown in Appendix A. Having too many analytic362

components could reduce interchangeability (Prin-363

ciple 4) by increasing the number of processed fea-364

tures (Lipton, 2018). We therefore limit extraction365

to 15 components per scoring unit.366

3.2 Phase 2: Featurizing Responses367

Once the analytic components have been identi-368

fied, student responses are featurized according369

to the presence of these components c1, ..., ck in370

each response r. This step uses a labeling function371

f(r; c) whose outputs are associated with human-372

understandable meaning (Principles 2 & 3). The373

exact label definitions used can be selected using374

natural language. In this work, we explore the375

following general purpose labeling function for376

f(r; c). The precise definition of each score cate-377

gory can be found in Appendix A:378

f(r; c) =


2, r contains direct paraphrase of c
1, r contains partial paraphrase of c
0, r doesn’t contain paraphrase of c

379

We implement f(r; c) using Chain-of-Thought380

(Wei et al., 2022) prompting using the prompts381

shown in Appendix A. (Note that CoT is used382

solely as a prompting technique, and the gener-383

ated “thoughts” are explicitly discarded.) Inspired384

by the self-consistency decoding strategy for LLMs385

(Wang et al., 2022), we apply the first-to-three ag-386

gregation rule to consider the possibly diverse inter-387

pretation of the labeling criteria when selecting the388

final output. Easily interpretable one-hot encodings389

of each f(r; c) are then concatenated to produce a390

3k-dimensional binary featurization of r:391

F (r) = OneHot(f(r; c1)) ∥ · · · ∥OneHot(f(r; ck))392

Distilling LLM Featurizer into Open Source393

Using proprietary LLMs for featurization can394

quickly become too expensive in large-scale assess- 395

ment settings, especially with many analytic com- 396

ponents. To avoid the linearly growing cost of fea- 397

turization, we supervised fine-tuned a small open- 398

source model using a subsample of (r, c) pairs, 399

where r is a response from the training set and c is 400

an analytic component from Phase 1. More specifi- 401

cally, we randomly sampled 10k pairs across all 10 402

items, calculated the featurization labels on these 403

samples using o4-mini, and collected the LLM 404

model requests and outputs generated during this 405

process that aligned with the aggregated final deci- 406

sion. This dataset was used to fine-tune Llama-3.1- 407

8b-instruct with QLoRA (Dettmers et al., 2023). 408

3.3 Phase 3: Logically Traceable Scoring 409

Based on the featurized responses, a traceable and 410

interchangeable model (Principle 3 and 4) is se- 411

lected and trained using the labeled response pairs 412

(r1, s1), ..., (rn, sn). Given the nature of the score 413

categories, we employ the Immediate-Threshold 414

variant of Ordinal Logistic Regression (Rennie and 415

Srebro, 2005; Pedregosa et al., 2017) as our scor- 416

ing module. Combined with the one-hot encoding 417

featurization from Phase 2, the resulting algorithm 418

calculates the sum of weights for each component 419

and feature label: η =
∑c

i=1wi,f(r,ci), where w 420

are the trained weights. Scores are determined by 421

comparing η to a set of learned thresholds θj ; the 422

predicted score corresponds to the ordinal category 423

j for which θj ≤ η < θj+1. η can be understood 424

as “evidence values” used for scoring. 425

3.4 Analysis of ANALYTICSCORE 426

An example of ANALYTICSCORE’s model expla- 427

nation is shown in the far right panel of Figure 1. 428

By demonstrating human-understandable features 429

of the response (Principle 2) and the exact decision 430

process (Principle 3), the explanation transparently 431

and faithfully reveals the actual scoring mechanism 432

used (Principle 1). If, based on the explanation, 433

the model is suspected to have made an error (e.g., 434

C6 should be a check, not a triangle), a human 435

inspector can modify the featurization and recalcu- 436

late the score by following the scoring algorithm 437

(Principle 4), which is also how the “if instead...” 438

explanation is generated. 439

The structure of ANALYTICSCORE’s scoring 440

model is akin to Concept Bottleneck Models (Koh 441

et al., 2020; Yang et al., 2023) in that we enforce a 442

layer of intermediate representations with human- 443

understandable “concepts.” Our framework en- 444
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sures that the intermediate features have human-445

understandable values associated with explicitly446

identifiable elements of student work (Principle 2),447

as opposed to inferred characteristics.448

4 Evaluating ANALYTICSCORE449

We now evaluate ANALYTICSCORE’s scoring ac-450

curacy and how well its featurization aligns with451

human judgments on a real-world open-ended re-452

sponse dataset.453

Dataset The ASAP-SAS dataset (Shermis,454

2015)3 is the largest publicly available dataset455

of English short answer responses from US456

schoolchildren for 10 different open-ended exam457

questions, covering 3 areas of assessment: Science,458

Reading (Informational Text), and Reading (Lit-459

erature Text). Human raters double-scored and460

assigned a single number to each student response461

using a 3 or 4 point rubric. The dataset details are462

reported in Appendix B. We use the original test463

set and split the public training set into training and464

validation sets with an 8:2 ratio.465

ANALYTICSCORE Implementation Details For466

each assessment item, we used GPT-4.1 as the base467

LLM and extracted 15 analytic components except468

for Q7. This item uses a two-part scoring scheme469

to separately assess a character trait identified from470

the reading and its supporting evidence. We ex-471

tracted 15 analytic components from each part, to-472

taling 30 components. For the featurizer, we ex-473

perimented with GPT-4.1-mini and Llama-3.1-8B-474

Instruct as our base LLM, each with temperature475

set to 0.7 and 1.0. Training and implementation476

details can be found in Appendix C.477

4.1 Scoring Accuracy Experiment478

We measured scoring accuracy in terms of479

quadratic weighted kappa (QWK) against the480

model scores in the test set, following the conven-481

tion of the automated scoring literature (Shermis,482

2015; Institute of Education Statistics, 2023).483

We compare against the following baseline meth-484

ods (See Appendix C for the list of hyperparame-485

ters used):486

Few-Shot Prompting: We few-shot prompt GPT-487

4.1 with 10 randomly selected responses from488

each score category, including a rubric for the489

score categories.490

3https://www.kaggle.com/competitions/asap-sas/
data

Supervised Fine-tuned LLM: The following 491

LLM-based classifiers were fine-tuned 492

on the response-score pairs: BERT (De- 493

vlin et al., 2019), DeBERTa (He et al., 494

2020), Llama-3.1-8b, and Llama-3.1-8b- 495

Instruct (Grattafiori et al., 2024). We also 496

fine-tune Llama-3.1-8B-Instruct with the 497

scoring rubric added as a part of the input. 498

Automated Scorer Baselines: AutoSAS (Kumar 499

et al., 2019), AsRRN (Li et al., 2023), and 500

NAM (Condor and Pardos, 2024). 501

The only baseline method that has aspects of in- 502

terpretability is NAM. This method requires hand- 503

crafting a specific form of rubric describing the key 504

phrases and concepts to be used by the response. 505

Using sentence embeddings with n-gram matching 506

as its features, this method implements a logis- 507

tic regression score classifier. To implement this 508

baseline, we replace the rubrics with the analytic 509

components extracted by our ANALYTICSCORE. 510

4.2 Featurization Alignment Experiment 511

The feature labeling task described in Figure 2 was 512

designed to produce human-understandable fea- 513

tures (Principle 2). But how well does the LLM’s 514

featurization behavior align with how humans ac- 515

tually understand this task? Even more fundamen- 516

tally, how well do humans themselves agree in their 517

understanding of this task? 518

To answer these questions, we sampled 50 (re- 519

sponse, analytic component) pairs for each of the 520

3 assessment areas. To ensure balanced represen- 521

tation, the sample included a balanced number of 522

pairs from each of the three score categories, as 523

initially determined by the GPT-4.1-mini featurizer. 524

We then asked 7 human annotators to conduct the 525

labeling task on these samples. The human anno- 526

tators consisted of five volunteers from [ANONY- 527

MOUS] and two of the study’s authors. None of the 528

annotators had prior exposure to the LLM’s featur- 529

ization outputs, preventing any potential bias. All 530

annotators had advanced academic training (PhD- 531

level) and teaching experience, five of whom have 532

been instructors at the primary, secondary, and/or 533

post-secondary level. Additional details about the 534

annotation process can be found in Appendix D. 535

Aggregate Human label was generated by major- 536

ity voting (ties resolved randomly). We calculated 537

inter-rater reliability among human labelers (Krip- 538

pendorff’s α) and alignment between each LLM 539

featurizer and aggregate human labels (QWK and 540
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Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10 All Avg. Sci Avg. R(Inf) Avg. R(Lit) Avg.

Human Scorers 0.95 0.93 0.77 0.75 0.95 0.93 0.96 0.86 0.84 0.87 0.88±0.02 0.93±0.01 0.79±0.03 0.91±0.05
ANALYTICSCORE

w/ GPT-4.1-mini* 0.80 0.86 0.64 0.59 0.79 0.78 0.61 0.59 0.80 0.68 0.72±0.03 0.78±0.03 0.68±0.06 0.60±0.01
w/ Llama-3.1-8b (I)* 0.57 0.57 0.59 0.56 0.69 0.47 0.52 0.45 0.74 0.60 0.58±0.03 0.58±0.04 0.63±0.05 0.48±0.04

+ Distillation* 0.80 0.82 0.68 0.59 0.81 0.76 0.62 0.59 0.78 0.64 0.71±0.03 0.77±0.03 0.68±0.06 0.60±0.01
Few-Shot

GPT-4.1 0.69 0.65 0.61 0.65 0.72 0.61 0.34 0.57 0.76 0.69 0.63±0.04 0.67±0.02 0.68±0.04 0.45±0.12
Supervised LLM

BERT 0.80 0.80 0.70 0.70 0.80 0.81 0.69 0.68 0.84 0.71 0.75±0.02 0.79±0.02 0.74±0.05 0.69±0.01
DeBERTa 0.85 0.86 0.66 0.70 0.81 0.83 0.71 0.64 0.79 0.71 0.76±0.03 0.81±0.03 0.72±0.04 0.67±0.04
Llama-3.1-8b (I). 0.84 0.73 0.72 0.71 0.82 0.81 0.71 0.66 0.82 0.75 0.76±0.02 0.79±0.02 0.75±0.03 0.69±0.02

w/ rubric 0.87 0.80 0.68 0.77 0.85 0.80 0.72 0.65 0.84 0.79 0.78±0.02 0.82±0.02 0.76±0.05 0.68±0.04
Llama-3.1-8b 0.83 0.75 0.70 0.77 0.82 0.84 0.68 0.65 0.82 0.74 0.76±0.02 0.80±0.02 0.76±0.03 0.67±0.02

Baseline
AutoSAS 0.68 0.47 0.57 0.61 0.50 0.54 0.37 0.44 0.77 0.68 0.56±0.04 0.57±0.04 0.65±0.06 0.41±0.04
ASRRN 0.60 0.43 0.57 0.60 0.61 0.64 0.59 0.51 0.71 0.66 0.59±0.02 0.59±0.04 0.63±0.04 0.55±0.04
NAM* 0.63 0.62 0.43 0.35 0.72 0.63 0.42 0.38 0.76 0.62 0.56±0.05 0.64±0.02 0.52±0.13 0.40±0.02

Table 1: Test-time Quadratic Weighted Kappa (QWK) of scoring models per item, along with average per assessment
area. Best, second-best, and at human-level performance scores are marked respectively. Sci.: Science (Q1,2,5,6).
R(Inf): Reading(Informational Text) (Q3,4,9). R(Lit): Reading(Literature) (Q7,8). (*) are methods that are
considered interpretable. Human scoring accuracy was taken from (Shermis, 2015).

class-wise F1). We report the 95% bootstrap CI541

of each metric, reweighting the sampling probabil-542

ity to account for the initial balanced sampling of543

score categories.544

5 Experiment Results545

5.1 Scoring Accuracy Results546

Table 1 shows the results of the scoring accuracy547

experiments. Across items and within each assess-548

ment area, ANALYTICSCORE outperforms* sev-549

eral automated scoring baselines on average and,550

given its interpretability, achieves reasonable per-551

formance compared to state-of-the-art black-box552

models. Except for the untuned Llama featurizer,553

each ANALYTICSCORE variant outperforms* the554

few-shot prompting and automated scoring base-555

lines. Compared to the best-performing models in556

each assessment area, ANALYTICSCORE is, on av-557

erage, within 0.06 QWK for all items, 0.04 QWK558

for Science, 0.08 QWK for Reading (Informational559

Text), and 0.09 QWK for Reading (Literature)560

items. These results are noteworthy given that the561

FGTI principles strictly limit architectural flexi-562

bilities that often improve performance, such as563

subroutines that cannot be mapped to discrete rea-564

soning steps or scoring components that are only565

partially articulable.566

Also noticeable is the striking improvement*567

in the performance of the Llama featurizer post-568

distillation, with an average increase of 0.13 QWK.569

The distilled Llama featurizer performs compara-570

bly to both variants of GPT-4.1 mini. Increase in 571

average QWK is most notable for Science items 572

(+0.19), followed by Reading (Literature) (+0.12) 573

and Reading (Informational Text) (+0.05). 574

5.2 Featurization Alignment Results 575

Table 3 displays the Krippendorff’s α measured 576

among the human raters in conducting the featur- 577

ization task from Section 3.2. For all assessment 578

areas, we observe 0.667 ≤ α < 0.8, which fall into 579

a range of acceptable inter-rater reliability (Krip- 580

pendorff, 2018). We interpret this as a good level 581

of rater agreement on the featurization process de- 582

fined in this work and acknowledge that there is 583

still potential to refine and improve the task further. 584

Next, Table 2 shows alignment between mod- 585

els and majority human labels. Most notably, the 586

distilled Llama featurizer achieves substantially 587

high agreement with the aggregate human features 588

across all assessment areas. Other featurizers also 589

achieve high agreement in Science and Reading (In- 590

formation Text) but achieve moderate agreement in 591

Reading (Literature). 592

F1 scores and label distribution for each feature 593

label4 provide a more detailed insight and reveal 594

areas for further improvement. Notice that the F1 595

*p < 0.05 for Wilcoxon signed-rank test across all items.
Due to small n, no area-specific difference was statistically
significant.

4For Aggregate Human and o4-mini, we applied preva-
lence weighting to the 50 study samples to estimate the label
distribution across all (r, c) pairs.
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Assessment Area Featurizer Model QWK Label Distribution4 Label-wise F1

2 1 0 2 1 0

Science

Human 15.32% 3.70% 80.98%
GPT-4.1-mini (0.89, 0.89) 7.56% 12.59% 79.85% (0.83, 0.84) (0.20, 0.21) (0.96, 0.96)
o4-mini (0.94, 0.95) 14.35% 8.17% 77.47% (0.93, 0.93) (0.49, 0.51) (0.98, 0.98)
Llama-3.1-8B (Distilled) (0.90, 0.90) 11.54% 5.27% 83.19% (0.89, 0.89) (0.20, 0.22) (0.97, 0.97)

Reading
(Informational

Text)

Human 11.48% 18.44% 70.08%
GPT-4.1-mini (0.71, 0.72) 9.70% 22.01% 68.29% (0.68, 0.69) (0.54, 0.55) (0.87, 0.88)
o4-mini (0.81, 0.82) 18.05% 16.54% 65.42% (0.73, 0.74) (0.69, 0.70) (0.94, 0.94)
Llama-3.1-8B (Distilled) (0.72, 0.73) 20.20% 9.98% 69.82% (0.61, 0.62) (0.24, 0.26) (0.91, 0.91)

Reading
(Literature)

Human 9.33% 5.12% 85.55%
GPT-4.1-mini (0.52, 0.54) 2.64% 10.67% 86.69% (0.44, 0.46) (0.67, 0.69) (0.95, 0.95)
o4-mini (0.49, 0.51) 6.16% 6.64% 87.20% (0.49, 0.51) (0.10, 0.12) (0.92, 0.92)
Llama-3.1-8B (Distilled) (0.81, 0.82) 7.45% 6.39% 86.16% (0.86, 0.87) (0.17, 0.19) (0.92, 0.92)

Table 2: Alignment between LLM featurizers and Aggregate Human featurization obtained by majority voting for
different models and assessment area. QWK and F1 values presented are 95% Bootstrap CI.

Assessment Area Krippendorff’s α

Science (0.718, 0.723)
Reading (Informational Text) (0.696, 0.700)
Reading (Literature) (0.672, 0.680)

Table 3: Inter-rater reliability among annotators for the
featurization alignment experiment (95% bootstrap CI).

score is exceptionally high (near or above 0.9) for596

label 0, and moderate-to-high (0.6∼0.93) for label597

2, with higher agreement for Science items. Yet,598

alignment for label 1 is moderate-to-low, ranging599

from 0.68 down to 0.11. We attribute this result to600

the relatively ambiguous nature of the label cate-601

gory 1, coupled with the rarity of label 1 in human602

rating. While LLM featurizers achieve high over-603

all alignment with aggregate human featurization,604

future work should reduce ambiguity in the featur-605

ization task and ensure model predictions better606

reflect the distribution of human featurization be-607

havior.608

6 Conclusion609

Despite a pressing need, the AI and education re-610

search community has yet to develop a practical611

interpretability framework for automated scoring in612

large-scale educational assessments. In this work,613

we presented a principled approach to address this614

challenge. We analyzed the needs and potential615

benefits of assessment stakeholders and developed616

four foundational principles of interpretable auto-617

mated scoring. As a baseline framework for fu-618

ture research, we developed ANALYTICSCORE for619

short-answer scoring, which achieves promising620

scoring accuracy and demonstrates featurization621

behaviors that align with human judgment. We 622

hope this work illuminates exciting new directions 623

in developing practical and effective interpretable 624

automated scoring methods for large-scale educa- 625

tional assessments. 626

Limitations 627

Capturing Complex Scoring Logic While the 628

average performance gap of 0.06 QWK between 629

ANALYTICSCORE and the uninterpretable SOTA 630

is meaningful given the architectural constraints 631

imposed by the FGTI principles, there is still room 632

to improve. One potential area of improvement is 633

the choice of the scoring module used during Phase 634

3 (Section 3.3). Our demonstration of ANALYTIC- 635

SCORE uses ordinal logistic regression as the trace- 636

able and interchangeable scoring module. While 637

this implementation provides a strong baseline, it 638

may not sufficiently capture the logical nuances 639

required for scoring complex items. Future work 640

should explore more complex yet traceable and in- 641

terchangeable alternatives to ordinal logistic regres- 642

sion. Examples of possible alternatives are LLM 643

workflows or agents which consist of modules that 644

each compute a specific evidentiary reasoning step 645

and human-understandable intermediate outputs. 646

Limited Benchmark Datasets The ASAP-SAS 647

dataset is the largest publicly available dataset of 648

complex open-ended short-answer scoring, but it 649

only reflects a tiny fraction of assessment items, 650

response types, domains, test-taker population, and 651

assessment language. For empirical results to 652

robustly generalize, automated scoring methods 653

should be comprehensively evaluated on various 654
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datasets collected across different assessment set-655

tings. Given the limited amount of publicly avail-656

able large-scale benchmarks for complex open-657

ended short-answer scoring, curation of additional658

datasets is necessary to support a more rigorous659

study of automated scoring.660

Real-World Validation Our analysis of assess-661

ment stakeholder needs and interpretability princi-662

ples was scoped to a theoretical study derived from663

the educational assessment literature. To identify664

and address the gaps that exist between theory and665

practice, field studies should be conducted in the666

future to validate the needs of the real-world assess-667

ment stakeholders and iteratively refine the design668

of interpretable scoring systems.669

Measuring Alignment Our featurization align-670

ment study (Sections 4.2 and 5.2) measures the671

model-to-human and human-to-human alignment672

in featurization behaviors. In addition to measur-673

ing alignment in featurization behaviors, it is also674

important to measure how the extracted analytic675

components and the featurization task align with676

the target constructs that the assessment item is677

intended to capture (Bejar et al., 2016). Analyz-678

ing construct alignment requires the knowledge of679

the design decisions involved in the development680

of the assessment items, which we did not have681

access to in our current study. We hope to see682

larger-scale studies on both featurization alignment683

and construct alignment in authentic assessment684

environments in the future.685

Ethical Considerations686

Student Privacy Our demonstration of ANALYT-687

ICSCORE involves the use of proprietary LLMs688

for extracting analytic components, featurizing re-689

sponses, and creating the training dataset to distill690

the featurizer. When handling real-world assess-691

ment responses, care should be taken to avoid leak-692

age of potentially sensitive or personally identifi-693

able information contained in student responses.694

Responsible Use of Model Interpretations To695

ensure that the assessment outcomes are valid, reli-696

able, and fair, the use of automated scoring should697

be accompanied by the analysis of multiple sources698

of validity evidence (Bennett and Bejar, 1998; Ben-699

nett and Zhang, 2015; Williamson et al., 2012; Be-700

jar et al., 2016). These sources include the features701

used by the scoring model, the model’s alignment702

with human judgments, how the model handles703

unusual or unexpected responses, and the consis- 704

tency of scoring behavior across student popula- 705

tions (Bennett and Zhang, 2015). 706

Model interpretations are a means to an end for 707

enabling these analyses, but having an interpretable 708

scoring system does not, on its own, ensure that 709

the assessment outcomes will be valid, reliable, 710

and fair. Without a thoughtfully designed opera- 711

tional practice around the use of model interpre- 712

tations, these systems have the risk of creating a 713

false sense of validity and trustworthiness when 714

no proper auditing or mitigation is actually taking 715

place. Beyond the technical and architectural as- 716

pects of interpretable automated scoring discussed 717

in this work, it is also important to develop rigor- 718

ous workflows, protocols, and systematic practices 719

for using model interpretations to ensure that au- 720

tomated scoring systems are responsibly audited, 721

monitored, and improved over time. 722
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A Prompts977

Figure 2 shows the exact prompts used to imple-978

ment the feature labeling function from Section 3.2.979

Students were asked the following question: ```[QUESTION PROMPT]```

Here are several examples of  student responses to the question:

Student Response: [RESPONSE TEXT] x 1000 

Please tell me 15 short, simple, and representative statement, claims, or 
arguments that are common across many student responses and that 
distinguish these student responses from others. Each of these "features" 
should identify an actual statement or claim made in the student responses, 
not a general description of it.

When identifying statements or claims, adhere to the following guidelines:
- Use the specific wording mentioned in the student response when it is 
crucial to distinguishing between responses.
- Ensure that each statement or claim is **atomic and isolated**. This means 
that the statements and claims should **not combine** multiple ideas, 
contexts, or supporting details. For example, instead of:

* "[Statement A], because [Statement B]", or
* "[Statement A], and [Statement B]", or
* "[Statement A], so [Statement B]" etc.,

"[Statement A]" and "[Statement B]" should be listed separately.

Component Extractor Prompt

Students were asked the following question: ```[QUESTION PROMPT]```

Here is a response from a student: ```[RESPONSE]```

Here is a statement: ```[ANALYTIC COMPONENT]```

Choose among the following:
- A: The text contains a *direct* paraphrase of the given statement using 
clearly synonymous wording.
- B: The text does not contain a direct paraphrase of the entire statement, but 
it contains direct paraphrases of the main parts of the statement.
- C: The text may potentially imply the given statement, but it does not 
contain a direct paraphrase of the ideas in the statement.

Limit your answer to 100 words, and format your answer in the following 
python dictionary format:
{
"Explanation": "[Why the text disqualifies for other options]",
"Answer": "A"/"B"/"C"

}

Featurizer Prompt

Figure 2: Prompts used in ANALYTICSCORE

980

B ASAP-SAS Dataset Detail981

Table 4 shows the details of the ASAP-SAS dataset.982

C Implementation Details983

ANALYTICSCORE Implementation Details984

We distilled the Llama featurizer for 2 epochs us-985

ing a batch size of 4 and learning rate of 1e-4. All986

Token Len. Train Valid Test Assessment Area

Q1 47.5± 22.2 1,341 331 557 ScienceQ2 59.2± 22.6 1,024 254 426

Q3 47.9± 14.6 1,445 363 406 Reading
(Informational Text)Q4 40.3± 15.5 1,308 349 295

Q5 25.1± 21.5 1,459 336 598 ScienceQ6 23.8± 22.6 1,418 379 599

Q7 41.3± 25.1 1,432 367 599 Reading
(Literature)Q8 53.0± 32.6 1,446 353 599

Q9 49.7± 36.3 1,453 345 599 Reading
(Informational Text)

Q10 41.1± 28.5 1,314 326 546 Science

Table 4: ASAP-SAS dataset detail by item.

model calls were made through the official Ope- 987

nAI API. Fine-tuning was conducted on an Ubuntu 988

20.04 machine with 2 RTX A6000 GPUs (49Gb 989

memory), 16 AMD EPYC 9224 24-Core Proces- 990

sors, and 250Gb of CPU RAM. 991

Baseline Implementation Details Below is the 992

list of hyperparameters used in this work. Lists 993

indicate the range of hyperparameters searched. 994

• Featurizer Distillation 995

Seed: 42; Learning Rate: 1e-4; Epochs: 2; 996

Batch Size: 8; Weight Decay: 0.01; Quanti- 997

zation: 4-bit nf4; LoRA Rank: 16; LoRA α: 998

8; LoRA Dropout: 0.05 999

• Few-Shot LLM 1000

Number of Fewshot examples: 10 random 1001

few-shot examples per score category, sam- 1002

pled for each response; Temperature: 0.7 1003

• SFT LLM (Encoder-Only Models) 1004

Seed: 42; Learning rate: 3e-5; Batch Size: 1005

12; Early Stopping: Threshold 1e-3, patience 1006

10; Classifier Head: 2-layer feedforward net- 1007

work with hidden dim 32, dropout probability 1008

0.1 1009

• SFT LLM (Decoder-Only Models) 1010

Seed: 42; Learning Rate: 1e-4; Batch Size: 1011

8; Epochs: 20; Early Stopping: Threshold 1012

1e-3, Patience 5; Weight Decay: 0.01; Quan- 1013

tization: 8-bit; LoRA Rank: 16; LoRA α: 1014

8; LoRA Dropout: 0.05 1015

• AutoSAS 1016

Maximum Depth: [50, 75, 100, 150, 200]; 1017

Number of Estimators: [50, 75, 100, 150, 1018
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200]; Hyperparameter selection criteria:1019

Best QWK on validation set1020

Final selected hyperparameters:1021

Q1. Max Depth: 200; # of Estimators: 1501022

Q2. Max Depth: 200; # of Estimators: 751023

Q3. Max Depth: 75; # of Estimators: 1001024

Q4. Max Depth: 75; # of Estimators: 501025

Q5. Max Depth: 150; # of Estimators: 1001026

Q6. Max Depth: 50; # of Estimators: 1501027

Q7. Max Depth: 200; # of Estimators: 1501028

Q8. Max Depth: 200; # of Estimators: 1501029

Q9. Max Depth: 150; # of Estimators: 2001030

Q10. Max Depth: 200; # of Estimators: 501031

• AsRRN1032

Parameters were mostly adopted from the1033

following public implementation: https://1034

github.com/nkzhlee/AsRRN1035

Seed: 23; Batch size: 1; Learning rate: 1e-1036

5; Epochs: 23; LR gamma: 0.1; LR step:1037

15; Max sequence length: 128; Validation1038

split: 0.2; Weight decay: 0.0001; Max gra-1039

dient norm: 1.0; Warmup steps: 0.2; Gra-1040

dient accumulation steps: 1; Pretraining1041

steps: 5; Hidden dimension: 768; Message1042

dimension: 128; Hidden dropout probabil-1043

ity: 0.2; Number of graph steps: 2; Con-1044

trastive loss lambda: 0.01; Contrastive tem-1045

perature: 1; Norm: 11046

• NAM N-gram sizes: 2∼10-grams1047

D Alignment Study Details1048

The annotators received an oral presentation of the1049

purpose of the study along with links to 3 Qualtrics1050

forms to be filled out, one in each assessment area.1051

The form reiterated the study’s purpose, explained1052

the task, and presented 50 items to annotate, each1053

containing the context of the assessment item and1054

the same featurizer prompt shown in Figure 2. The1055

overall process took each annotator between 2.51056

to 3.5 hours. Figures 3 through 5 are example1057

screenshots from one of the three qualtrics forms1058

used for annotation.1059
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Figure 3: Welcome page of one of the 3 Qualtrics forms used for the featurization alignment experiment. This page
contains explanations about the purpose of the study, the necessary contexts, and task description.
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Figure 4: Example description of the assessment item and assessment instruction shown to the annotators.

Figure 5: Each annotation task presented annotators with a (response, analytic component) pair and asked them to
select one of the three label options used in ANALYTICSCORE’s labeling function.
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