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Abstract. E-commerce recommendation cards must explain why an item is related while maintaining a
compact, consistent visual hierarchy. This study presents an evidence-grounded card framework and
evaluates its retrieval inputs with the final TREC Product Recommendation 2025 topics, a 48,616-product
corpus, 7,633 NIST judgments for 47 topics, and the SQID supplementary image-URL table. Fixed lexical
methods generated separate top-10 complement and substitute rankings over the full corpus before assessor
Jjudgments were applied. Under the official scoring procedure, the relation-aware lexical method achieved
an average nDCG@10 of 0.1840, with a complement nDCG@ 10 of 0.0562 and a substitute nDCG@10 of
0.3119. Its average difference from full-text TF—IDF was not statistically reliable (difference = 0.0111,
95% CI [-0.0090, 0.0321]). The complement-minus-substitute gap was -0.2557 (95% CI [-0.3151, -
0.1937]), confirming that complementary recommendation remains the weaker relation. Requiring a
confirmed supplementary image URL increased confirmed URL coverage among displayed items to 100%
but reduced average nDCG@10 to 0.0138. The findings support relation-qualified reasons, confirmed-
image and text-led fallback states, and conservative language for complementary suggestions. The
framework specifies evidence and layout behavior; shopper responses and different verbalization methods
require direct comparative evaluation.

Keywords: E-commerce recommendation, visual explanation;, complementary products; substitute
products, interface hierarchy

INTRODUCTION

E-commerce interfaces increasingly present related products in compact cards rather than
undifferentiated ranked lists (B. Zhang et al., 2025; Go & Mothelsang, 2024). A useful card must
do more than identify a potentially relevant item: it must indicate how that item relates to the
product currently being viewed, expose enough evidence for the recommendation to be
intelligible, and remain visually usable within a small display area. These requirements are
especially important for related-item recommendation, where two products may be substitutes
that serve the same function or complements that perform connected functions (K. Xu et al.,
2024). Hybrid recommender systems have long combined heterogeneous signals to improve
recommendation quality (Burke, 2002), while broader recommender-system research has shown
that different prediction settings require different representations of item and contextual evidence
(Ricci et al., 2015; Xin, 2026b). The interface problem considered here begins after candidate
evidence has been assembled: the system must rank related products and communicate the basis

of the relation without overstating what the data establish.

Complementary and substitute relations create distinct ranking and explanation problems.
A substitute is normally similar in function to the reference product, so shared titles, brands,

attributes, and descriptions can provide useful lexical evidence. A complement may be
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functionally connected while sharing little vocabulary with the reference product. The Shopping
Queries Dataset formalized product-search relevance with Exact, Substitute, Complement, and
Irrelevant labels (Reddy et al., 2022), and the TREC Product Search and Recommendations Track
subsequently defined separate short-ranking tasks for complementary and substitute products
(TREC Product Search Track Organizers, 2025). This separation matters for card design because
a generic “similar item” label can be appropriate for a substitute but misleading for a complement
(H. Xu et al., 2025). Relation-aware cards therefore require both relation-specific ranking

evidence and language that preserves the distinction between similarity and functional pairing.

Showing evidence is not equivalent to showing every model feature. Explainable-
recommendation research treats transparency, effectiveness, scrutability, and related user-
centered qualities as design and evaluation goals rather than automatic consequences of adding
text (Jin, 2025¢; Tintarev & Masthoff, 2015; Y. Zhang & Chen, 2020). Miller (2019) further
argues that human explanations are typically selective and contrastive. For a recommendation
card, this suggests a short reason tied to a visible product attribute or relation (Chang et al., 2026),
not an exhaustive technical account of the ranking model. The distinction is important: the present
study evaluates ranking behavior and defines field-traceability requirements, while shopper

comprehension, confidence, and behavior require direct user evaluation.

The visual structure of the card imposes an additional constraint. Usability principles
emphasize visibility of system status, consistency, and recognition rather than recall (Nielsen,
1994), while Norman (2013) connects understandable action to legible system states and
signifiers. Cognitive-load theory cautions that additional information can impede processing
when it is redundant or poorly organized (Sweller, 1988). Tufte’s (2001) account of information
density similarly favors meaningful visual content over decoration. Applied to related-product
cards, these principles motivate a stable hierarchy: confirmed-image state or a text-led fallback,
relation label, concise evidence phrase, and action control (Mu et al., 2026). This hierarchy is a
design proposition grounded in established principles; its comparative usability remains a

question for controlled evaluation (Zhou, Li, & Liu, 2025).

Image availability is treated as a display condition rather than evidence of semantic
relevance. The Shopping Queries Image Dataset (SQID) extends the ESCI setting with product
image information and multimodal features (Al Ghossein et al., 2024). Its official repository
distributes both a primary image-URL table and a supplementary URL table (Crossing Minds,
2026). The analysis uses only URL availability. It does not inspect image pixels or use image
embeddings to infer relatedness. This boundary permits a direct audit of whether a ranked item

has a confirmed image URL without turning that audit into a multimodal-effectiveness claim.
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The empirical analysis combines the official TREC 2025 product corpus with the final
recommendation topics and NIST assessor judgments. The product corpus supplies titles,
descriptions, brands, and bullet points for lexical representation (TREC Product Search Track,
2025). The final topics and recommendation qrels provide external evaluation of complementary
and substitute rankings (National Institute of Standards and Technology [NIST], 2026). Ranking
is assessed separately by relation because an average can conceal weak complement retrieval
behind stronger substitute results. Image-URL coverage is joined by product identifier and

analyzed separately as a card-readiness property.

The study addresses three questions. First, how effectively do fixed lexical and relation-
aware methods rank complementary and substitute products under the official TREC evaluation?
Second, what relevance cost accompanies a hard requirement for a confirmed supplementary
image URL? Third, how can relation evidence and image state be translated into a compact
interface hierarchy without implying effects that were not measured? The contribution is an
evidence-grounded recommendation-card framework that connects retrieval evaluation to explicit
display decisions, reports image availability separately from relevance, and qualifies

complementary suggestions in proportion to the observed evidence.

LITERATURE REVIEW
Related-Product Recommendation and Retrieval

Collaborative and latent-factor recommenders infer preferences from interaction patterns;
matrix factorization is a prominent representation of user—item structure (Koren et al., 2009).
Hybrid systems combine collaborative, content-based, demographic, or knowledge-based
components to address weaknesses in a single evidence source (Burke, 2002). Related-product
recommendation can instead be posed without individual user history: given a reference item, the
system ranks products according to a functional relation and distinguishes items that replace the
reference from items that work with it.

Titles, descriptions, brands, and bullet points encode functional and categorical
information. Manning et al. (2008) describe term weighting, vector-space retrieval, and cosine
comparison, while Robertson and Zaragoza (2009) formalize probabilistic relevance and the
BM25 family. These methods are interpretable baselines, but their limitations differ by relation.
Substitutes often share vocabulary because they occupy similar categories; complements may be
connected through use or compatibility despite low term overlap. Relation-specific evaluation is
therefore necessary before lexical similarity becomes a visible reason.

The ESCI benchmark supplies an important data lineage for this problem. Reddy et al.

(2022) introduced a large multilingual collection of shopping queries, product results, and graded
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relevance judgments organized around Exact, Substitute, Complement, and Irrelevant labels. The
2025 TREC recommendation task adapts related-product evidence into a seed-product setting:
systems receive a reference product and produce distinct complement and substitute rankings
(TREC Product Search Track Organizers, 2025). The official track corpus provides the product
text used to represent seeds and candidates (TREC Product Search Track, 2025), while the final
NIST topics and grels provide assessor judgments for evaluation (NIST, 2026).

Ranking Evaluation and Evidence-Grounded Explanations

Related-product cards display only a few items, making rank position consequential (Mu
et al., 2025). Cumulative-gain measures reward relevant results near the top of a ranking and
accommodate graded judgments (Jarvelin & Kekaldinen, 2002). NDCG is therefore well suited
to the TREC task. Reporting complement and substitute NDCG separately is essential because a
single average can obscure whether a method behaves consistently across both relations.
Supplementary measures such as reciprocal rank and recall can describe first-relevant placement
and candidate coverage, but they should not replace the official relation-specific metric (Su et al.,
2025). The implementation uses TF—IDF vectorization and sparse matrix operations from scikit-
learn (Pedregosa et al., 2011).

Explainable recommendation includes model- and user-oriented questions (Y. Zhang & H.
Zhang, 2025a). Y. Zhang and Chen (2020) organize the field by mechanism, information source,
presentation form, and evaluation objective. Tintarev and Masthoff (2015) identify goals
including transparency, scrutability, effectiveness, trust, and satisfaction, each requiring suitable
evidence. An offline relevance score establishes ranking behavior; it cannot show that a shopper
understood an explanation or changed a decision. The narrower term evidence-grounded is used
here because each reason must resolve to an available relation label or product field (Chen & Xu,
2026).

This approach differs from post hoc explanation of an opaque predictor. Ribeiro et al.
(2016) use local surrogate behavior to explain individual classifier predictions, and Lundberg and
Lee (2017) provide a unified feature-attribution framework based on Shapley values. These
methods demonstrate the value of associating an output with identifiable local evidence (Jin,
2025b). A recommendation card, however, has less space and a different communicative purpose
than a diagnostic explanation panel. It must select one or two decision-relevant cues while
preserving the semantic meaning of the recommendation.

Miller’s (2019) synthesis of social-science research helps explain why selection matters
(Y. Zhang & H. Zhang, 2025b). People tend to seek contrastive answers—why this item rather
than another—and prefer causes relevant to the immediate question. For substitutes, an evidence

phrase can point to shared function or an overlapping attribute. For complements, the phrase
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should describe a use relationship or compatibility signal when that evidence is present; low
lexical overlap alone is not a meaningful reason. If the data establish only a broad complementary
category, the card should avoid precise compatibility language.

Image Availability and Interface Hierarchy

Visual product information can support retrieval and presentation, but those roles should
not be conflated. Al Ghossein et al. (2024) introduced SQID as an image-enriched extension of
the Shopping Queries Dataset, including image URLs and multimodal features. The repository
documents the primary and supplementary product-image URL resources (Crossing Minds,
2026.). A non-null URL indicates that an image-led card may be renderable; it does not establish
image quality (Zhou, Wang, & Chang, 2025), semantic usefulness, currency, or causal benefit.
Nor does URL availability constitute multimodal ranking.

Interface-design theory translates this distinction into a card state. Nielsen’s (1994)
visibility and consistency principles support predictable confirmed-image and text-led fallback
layouts. Norman (2013) emphasizes that controls and system states should be perceptible and
interpretable. Sweller (1988) shows that unnecessary cognitive load can interfere with processing,
and Tufte (2001) argues that visual elements should carry substantive information. Together,
these principles support a small set of ordered fields: relation, evidence, image state, and action.

They provide a testable design basis, not proof of improved comprehension.

METHODS
Research Design

The research design combines a full-corpus recommendation evaluation with an image-
readiness audit and a card-schema analysis. Figure 1 summarizes the sequence. Seed products and
corpus records are represented first; separate complement and substitute lists are then generated;
NIST judgments are applied only for evaluation; and the resulting evidence is mapped to card

fields. This order keeps the final judgments outside candidate generation and model scoring.

Relation-specific
ranking

50 seed products Separate complement 47 assessed topics Relation label, reason,
48,616 candidates and substitute lists official nDCG@10 image state, action

Topics + corpus NIST evaluation Card evidence

Rankings are generated over the corpus before assessor judgments are applied.
Figure 1. Experimental pipeline from seed-product retrieval to card evidence.
Data Sources and Coverage
The official recommendation topics contain 50 distinct seed products. All 50 appear in the
product corpus, which contains 48,616 unique records. The fields used for ranking are title,

description, brand, and product bullet points. The final qrels contain 7,633 unique topic—product
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judgments for 47 topics; the three remaining topics have no final judgments and are excluded
from effectiveness averages. The qrels are used only after a ranking has been produced (NIST,
2026). Table 1 lists the data sources and their analytic roles.

Table 1. Data sources and analytic roles.

Source Records Analytic role
TREC recommendation 50 seed products Reference products and released topic
topics descriptions
TREC evaluation corpus 48,616 products Full-corpus candidate universe and product text
NIST final grels 7,633 judgments; 47 topics Official complement and substitute scoring only
SQID supplementary URLs | 27,139 identifiers; 26,229 non- Confirmed image-URL state for exact ID
null URLs matches
Note. The recommendation corpus and final evaluation files are distributed for the TREC 2025 Product Search Track; the URL file
is the SQID supplement.

The SQID supplementary table contains 27,139 product identifiers, including 26,229 with
a non-null image URL. An exact identifier join is used to mark confirmed URL availability. The
join is intentionally narrow: an item absent from the supplementary table is not classified as
image-less. Figure 2 shows the separation between TREC relation evidence and the SQID display

state, which meet only in the card contract (Al Ghossein et al., 2024; Crossing Minds, 2026.).

TREC 2025 SQID supplement
Seed topics, product text, Product identifier +
complement/substitute judgments non-null image URL
i Exact product-1D matches only
Relation evidence Display state
Ranked list, relation type, Confirmed URL or
lexical support text-led fallback

Evidence-grounded card

Fixed field order and
relation-qualified wording

Figure 2. Separation of TREC relation evidence and the SQID display state.

Table 2 reports the evaluation accounting. The corpus contains 5,540 of the 7,103 unique
assessed candidate identifiers. Every candidate with a C0—C2 or SO0-S2 judgment is present; the
missing identifiers carry only NR or UA labels. Title is populated for every corpus record, while
description, brand, and bullet-point coverage are 54.58%, 95.76%, and 99.45%, respectively.
Eight assessed topics have no positive complement after the seed is excluded, and four have no
positive substitute. Those topics remain in the 47-topic averages; a ranking with no positive target

beyond the seed contributes zero.
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Item Value
Released topics 50
Topics with final grels 47
Topics without final grels 3
Unique grels pairs 7,633
Unique assessed candidate IDs 7,103
Assessed candidate IDs present in corpus 5,540
Seed products present in corpus 50 of 50
Title coverage 48,616 (100.00%)

Description coverage

26,535 (54.58%)

Brand coverage

46,557 (95.76%)

Bullet-point coverage

48,351 (99.45%)

Topics without positive complement 8 of 47

Topics without positive substitute after seed removal 4 of 47
Note. All candidates carrying a CO—C2 or S0-S2 judgment are present in the corpus; the absent assessed identifiers are labeled NR
or UA.

Ranking Methods

Text is normalized by lowercasing, Unicode accent stripping, whitespace cleanup, and
unigram—bigram tokenization. TF—IDF uses sublinear term frequency, L2 normalization, a
minimum document frequency of two, and a maximum document frequency of 0.98. Title TF—
IDF compares seed and candidate titles. Full-text TF-IDF compares concatenated title,
description, brand, and bullet-point fields. Topic TF—IDF compares the released topic description
and product title with each candidate’s full text. These operations use scikit-learn (Pedregosa et
al., 2011).

Table 3. Ranking runs and evaluation purpose.

Score or restriction
Fixed-seed random corpus order
Seed-title to candidate-title cosine
Cosine over title, description, brand, and bullets
Released topic text to candidate full text
Fixed asymmetric complement/substitute formulas

Run
Deterministic random
Title TF-IDF
Full-text TF—IDF
Topic TF-IDF
Relation-aware lexical

Purpose
Scale reference
Narrow lexical baseline
Broad lexical baseline
Topic-context baseline
Relation-specific lexical
run
Display-readiness stress test

Relation-aware scores restricted to confirmed URL
IDs
Note. All methods rank the corpus without using the final qrels for fitting, candidate selection, or weight adjustment.

Image-constrained

The relation-aware lexical method applies fixed asymmetric weights. Let t be seed—
candidate title similarity, f full-text similarity, u the similarity between the topic title and the
candidate’s supporting fields, v the shared-title similarity in the same vocabulary, and ¢ an
indicator for a generic relation cue such as “compatible with,” “fits,” “designed for,” or “works
with.” The substitute score is 0.75t + 0.25f — 0.25cu. The complement score is 0.50f + 0.50max(u
—v, 0) + 0.25cu. The weights are not fitted to the final judgments. A deterministic random order
provides a scale reference. Table 3 summarizes the six evaluated runs, including the image-
constrained stress test.

Evaluation Protocol
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Every run ranks the full 48,616-product corpus and excludes the seed product from its own
recommendation list. Each submitted relation list contains 10 items, while the official scorer
discounts all positive qgrels in the ideal ranking. It also retains the seed’s S2 judgment in the
substitute ideal ranking; the primary nDCG values follow that procedure. Gains are 2 for C2 or
S2, 1 for C1 or S1, and 0 for CO, SO, the opposite relation, NR, UA, and unjudged items.
Complement and substitute nDCG@10 are averaged to obtain the relation-averaged score,
following the task definition (Jarvelin & Kekildinen, 2002; TREC Product Search Track
Organizers, 2025). A diagnostic score also removes the seed from the ideal ranking.

Uncertainty is estimated at the topic level. Mean nDCG intervals use 20,000 percentile
bootstrap resamples. Paired model differences and complement-minus-substitute gaps use
100,000 two-sided sign-flip randomizations; Holm adjustment is applied within each reported
family. Precision@10, recall@10, MRR@10, grels-match rate, effective-assessment rate, and
confirmed-URL rate describe retrieval behavior alongside the official nDCG. Because the
judgments are pooled, unjudged retrieved items receive zero gain and can depress estimates for
methods that retrieve outside the assessment pool (Ye et al., 2026).

Card Schema

The card schema receives a ranked item, its list relation, product fields, and the confirmed-
URL state. It fixes the display order as image state, relation label, one concise evidence phrase,
and action control. Complement wording is qualified unless compatibility is independently
established; substitute wording emphasizes alternative function. The reason can be rendered by a
deterministic template or another constrained text component, but the renderer may not create

new product facts or alter the relation label (Su, Rao, & Ma, 2026).

Table 4. Official nDCG@10 on the 47 assessed topics.

Run Complement nDCG@10 Substitute nDCG@10 Average nDCG@10 [95%
[95% CI] [95% CI] CI]
Random 0.0000 [0.0000, 0.0000] 0.0000 [0.0000, 0.0000] 0.0000 [0.0000, 0.0000]
Title TF-IDF 0.0354 [0.0093, 0.0698] 0.3035 [0.2478, 0.3597] 0.1695 [0.1360, 0.2035]
Full-text TF—IDF 0.0581 [0.0238, 0.0992] 0.2878 [0.2286, 0.3481] 0.1730[0.1349, 0.2135]
Topic TF-IDF 0.0628 [0.0240, 0.1099] 0.2739[0.2183, 0.3304] 0.1683 [0.1339, 0.2039]
Relation-aware 0.0562 [0.0262, 0.0922] 0.3119 [0.2547, 0.3678] 0.1840 [0.1502, 0.2194]

lexical

Image-constrained 0.0030 [0.0000, 0.0083] 0.0246 [0.0092, 0.0425] 0.0138 [0.0060, 0.0229]

stress test

Note. Intervals are 20,000-resample topic-bootstrap percentile intervals. The average is the mean of complement and substitute
nDCG for each topic. The official IDCG discounts all positive qrels rather than only the first 10.

RESULTS
Overall Ranking Effectiveness

Table 4 presents official nDCG@10 for all evaluated runs. The relation-aware lexical

method is numerically highest on the average metric at 0.1840, followed by full-text TF-IDF at
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0.1730. The bootstrap intervals overlap substantially. Figure 3 displays the unconstrained
relation-averaged results and their 95% topic-bootstrap intervals. The relation-aware method does
not establish a reliable improvement over full-text TF—IDF. Their average difference is 0.0111,
with a 95% confidence interval of [-0.0090, 0.0321] and a Holm-adjusted p-value of 1.000. The
appropriate interpretation is comparable aggregate performance among the lexical methods, not

a general superiority claim.

0.30 4
0.25 -
0.20 4
0.15 -

0.10 -

Relation-averaged nDCG@10

0.05

0.0000

0.00 T

Random Title Full-text Topic Relation-aware
TF-IDF TF-IDF TF-IDF lexical

Figure 3. Relation-averaged nDCG@10 with 95% topic-bootstrap intervals.

Complement and Substitute Performance

Relation-specific values in Table 4 and Figure 4 reveal a much larger and more consistent
pattern. For the relation-aware lexical method, complement nDCG@10 is 0.0562, whereas
substitute nDCG@10 is 0.3119. The pattern also appears for title, full-text, and topic TF-IDF.
Complement performance is therefore modest under every lexical formulation. Table 5 adds top-
10 diagnostics for the relation-aware method. Complement precision@]10 is 0.0383, recall@10 is
0.0790, and MRR@10 is 0.0826. The corresponding substitute values are 0.3745, 0.3598, and
0.7540. Figure 5 makes the first relevant placement gap especially visible.

Table 5. Relation-aware lexical retrieval diagnostics.

Relation Precision@10 | Recall@l | MRR@1 Qrels Confirmed

0 0 match@10 URL@10
Complement 0.0383 0.0790 0.0826 57.87% 0.85%
Substitute 0.3745 0.3598 0.7540 79.36% 1.06%

Note. Positive labels are C1/C2 for complements and S1/S2 for substitutes. Unjudged retrieved items do not count as hits.
Paired Comparisons and Relation Gap
Table 6 reports paired model comparisons. None of the title, topic, or relation-aware

average differences from full-text TF—IDF are significant after Holm adjustment. The image-
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constrained run is different: its average nDCG@10 is lower than the unconstrained relation-aware

run by 0.1702, with a 95% confidence interval for the signed difference of [-0.2083, -0.1335] and

Holm-adjusted p <.001.

Table 6. Paired nDCG@10 comparisons.

Difference Relation Mean 95% CI Holm-
adjusted p

Title — Full-text Average -0.0035 | [-0.0229, 0.0148] 1.000
Topic — Full-text Average -0.0046 | [-0.0249, 0.0143] 1.000
Relation-aware — Full-text Complement | -0.0019 | [-0.0278, 0.0249] 1.000
Relation-aware — Full-text Substitute 0.0240 | [-0.0025, 0.0523] .862

Relation-aware — Full-text Average 0.0111 | [-0.0090, 0.0321] 1.000
Image-constrained — Relation-aware Average -0.1702 | [-0.2083, -0.1335] <.001

Note. Differences are challenger minus reference. Confidence intervals are paired topic-bootstrap intervals; p-values use 100,000

sign-flip randomizations.

. Complement

0.5 4

Official nNDCG@10

Title
TF-IDF

Figure 4. Complement and substitute nDCG@10 with 95% topic-bootstrap intervals.

EEm Substitute

Full-text

TF-IDF

Topic
TF-IDF

Relation-aware

lexical

The complement-minus-substitute tests in Table 7 reach the same substantive conclusion

for each non-random lexical method. For the relation-aware run, the mean gap is -0.2557, with a

95% confidence interval of [-0.3151, -0.1937] and Holm-adjusted p <.001. Figure 6 orders all 47

topic-level gaps. Only four topics favor complement ranking; most differences are negative, and

the lowest is —0.6131.

Table 7. Complement-minus-substitute nDCG@10 gaps.

Run Mean gap 95% CI Holm-adjusted p
Title TF-IDF -0.2681 [-0.3278, -0.2083] <.001
Full-text TF—IDF -0.2297 [-0.2932, -0.1668] <.001
Topic TF—IDF -0.2111 [-0.2817, -0.1385] <.001
Relation-aware lexical -0.2557 [-0.3151, -0.1937] <.001
Image-constrained -0.0217 [-0.0405, -0.0053] .039

Note. Negative values indicate weaker complement ranking.
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Figure 5. Relation-aware lexical precision, recall, and reciprocal rank at 10.

0.2 1

0.0
-0.2 - ‘ ‘ ‘ ‘ ‘ ‘ ‘ Mean gap = -0.2557

-0.4 -

Complement nDCG@10 - substitute nDCG@10

-0.6 1

0 10 20 30 40
Assessed topics ordered by complement-minus-substitute gap

Figure 6. Topic-level complement-minus-substitute nDCG@10 gaps for the relation-aware lexical run.

Table 8. Official scoring and reference-item sensitivity.

Relation Official No-self IDCG Qrels match@10 Effective
nDCG@10 diagnostic assessed@10
Complement 0.0562 0.0562 57.87% 57.87%
Substitute 0.3119 0.4196 79.36% 79.36%
Average 0.1840 0.2379 68.62% 68.62%

Note. The official IDCG discounts all positive qrels and retains the reference product’s S2 judgment even though that product is
excluded from every submitted ranking.

Scoring Sensitivity and Assessment Coverage

Table 8 separates official scoring from the diagnostic that removes the seed from the
substitute ideal ranking. The relation-aware substitute score rises from 0.3119 to 0.4196 under the

diagnostic, while complement is unchanged because the seed carries a substitute label. The
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official values remain the primary results. The table also shows that the relation-aware lists match
a grels identifier at 57.87% of complement ranks and 79.36% of substitute ranks, underscoring

the effect of pooled judgments.

Table 9. Confirmed supplementary image-URL coverage.

Scope Unique Confirmed Confirmed
products URL IDs rate
Corpus 48,616 1,047 2.15%
Query seeds 50 1 2.00%
All grels candidates 7,103 171 2.41%
All positive relation candidates (including seeds) 1,304 20 1.53%
All positive relation candidates (self-excluded) 1,258 19 1.51%
Positive complement candidates 425 6 1.41%
Positive substitute candidates 841 13 1.55%

Note. These rates are lower bounds based on exact matches to the supplementary URL file. Absence from the file is not evidence
that a product lacks an image.

Image Availability

Confirmed supplementary image URLSs are sparse, as shown in Table 9. The join matches
1,047 of 48,616 corpus products (2.15%), 171 of 7,103 assessed candidates (2.41%), six of 425
unique positive complement candidates (1.41%), and 13 of 841 unique positive substitute
candidates (1.55%). These are confirmed-match rates, not estimates of the true prevalence of
product imagery. Figure 7 places the coverage audit beside the image-constrained stress test. The
unconstrained relation-aware lists have a mean confirmed-URL rate at 10 of 0.96%, whereas the
constrained lists reach 100%. That display guarantee reduces average nDCG@10 from 0.1840 to
0.0138. A hard image filter is therefore not an acceptable proxy for relevance when URL coverage

is this limited; a fallback layout preserves stronger candidates.

0.30 4
Bl Average nDCG@10
> I Confirmed URL@10 100.0% )
100

0.25 4

r 80

0.20

(9%)
(%)

0.15 1

Average nDCG@10

k40

Confirmed URL@10

0.10 4

Confirmed URL matches (%)

0.05 1 - 20

0.00 -0

Corpus Seeds

Assessed Positive Positive
candidates ci/cz 51/52

Relation-aware

Image-constrained

Figure 7. Confirmed URL coverage and the relevance cost of a hard image constraint.
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DISCUSSION
Relation-Specific Interpretation

The relation-specific gap is the central finding. Substitute products often share terms that
identify function, category, model family, or brand. Complements may instead be linked through
use, attachment, power, fit, or compatibility, and those relations are not reliably recoverable from
sparse product text. The small differences among the lexical methods do not change that
conclusion. The cards can organize and qualify complementary suggestions, but the observed
complement scores do not support automatic basket completion or compatibility assurance.

2

Complement cards should consequently use language such as “may pair with” or “related
accessory” when the evidence is broad, reserve “compatible with” for a verified compatibility
field, and retain visible alternatives. Substitute cards can use more direct language such as
“alternative” when title and full-text evidence agree. This asymmetry is not merely stylistic: it
translates the measured difference in retrieval reliability into a difference in interface certainty

(Jin, 2025a).

Table 10. Evidence-to-card field specification.

Card field Evidence source Display rule
Image region | Confirmed URL state Use an image when confirmed; otherwise, keep a stable
text-led region.
Relation label | Complement or Use “May pair with” for complements and
substitute list “Alternative” for substitutes.
Evidence Title, description, brand, | Show one concise phrase traceable to a populated
phrase or bullet points source field.
Qualification | Relation reliability and Avoid compatibility assurance unless a dedicated field
compatibility evidence verifies it.
Alternative Ranked candidates Keep alternatives visible for complementary
control suggestions.
Primary action | Item destination Use a neutral action such as “View item”; do not create
urgency.
Renderer Fixed schema values Templates or constrained generators may vary wording
boundary but not facts.

Note. The schema specifies evidence and hierarchy. It does not imply a measured change in shopper comprehension or behavior.

Image State and Card Hierarchy

Image presence should also remain separate from relation evidence. The SQID supplement
verifies a URL for only a small portion of this corpus and cannot establish that the unmatched
products lack images. The large effectiveness loss under the hard image constraint shows why
image readiness belongs in the rendering layer (Wang et al., 2025). A card with a confirmed image
URL can use the image as its primary visual anchor; an unmatched item needs a stable text-led
fallback with the same relation, evidence, and action structure. Table 10 translates these results

into the display contract, and Figure 8 shows the corresponding anatomy. The order is deliberately
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stable: image state first, relation second, one evidence phrase third, and a neutral action last.
Limiting the number of competing fields follows visibility, signifier, information-density, and
cognitive-load principles (Nielsen, 1994; Norman, 2013; Sweller, 1988; Tufte, 2001). It remains

a design implication rather than a measured user preference.

Relation label
Image state Recommended item tjtle oM ranking output

or text-led fallback /
\A Product May pair with

image

I Why it is shown
One concise reason y

from product fields — Product text indicates a related use;
compatibility is not independently verified.
Neutral action

‘/\Mthout urgency claim
View alternatives

Stable order: image state - relation = evidence = action

Figure 8. Evidence-grounded recommendation-card anatomy.
Renderer Boundary and Limitations

The schema separates evidence selection from verbalization (Xin, 2026a). A deterministic
template can fill every field. A constrained language model could vary surface wording, but its
quality, factuality, and comparative value are not evaluated by the present ranking experiment
(Su, Chen, & Qian, 2026; Zhong et al., 2026). The empirical contribution lies in the relation
scores, the image-state audit, and the field restrictions, not in a claim that one text-generation

method is superior.

Several limitations guide future work. The qrels arise from pooled submissions, so an
unjudged retrieval receives zero gain even when it may be useful. The corpus contains uneven
descriptions and no verified compatibility graph. The relation-aware weights are fixed rather than
learned from independent training data. The image analysis confirms URL membership only and
does not inspect pixels, image quality, or live availability. Finally, offline ranking and schema
conformance do not establish shopper comprehension, confidence, click-through, or purchase
behavior (Bai & Wu, 2026). Those outcomes require a controlled card study or online experiment

(Bai et al., 2026; Lu et al., 2025; Tintarev & Masthoff, 2015; Y. Zhang & Chen, 2020).

CONCLUSION
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This study presents an evidence-grounded visual schema for complementary and substitute
recommendation cards. Evaluation on the final TREC 2025 topics and NIST judgments shows
that substitute recommendation is considerably stronger than complementary recommendation,
while small aggregate differences among the unconstrained lexical methods are not statistically
reliable. The practical contribution is therefore a cautious display contract rather than a claim of
automatic basket completion: use relation-specific labels, tie each reason to available product
fields, preserve alternatives for complements, and avoid compatibility language that the evidence
cannot support. The supplementary SQID analysis also shows that a hard image requirement can
sacrifice substantial relevance when confirmed URL coverage is sparse. Image presence is better
handled as a layout state with a text-led fallback. The same field contract can be verbalized by
templates or a constrained generator, but comparative text quality and shopper response remain
separate empirical questions. Together, these boundaries produce a recommendation card whose

visual certainty matches the strength of its underlying evidence.
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