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Abstract. Predictive models built from program text can appear reliable
while relying on features that change when data are collected in a new
setting. This issue is central for SQL submissions, where table names,
schemas, and assignment batches may identify the source of an example
as strongly as its query structure indicates its outcome. Here we show
that representations of 6,980 SQL submissions from three cohorts contain
substantial source-associated signal, and that masking identifiers and
literals changes transfer behavior. Across three frozen representation
families, raw SQL made schema identity highly recoverable, whereas
masked SQL reduced this signal but did not remove cohort or source
information. For the optimized multitask CNN, masking improved mean
performance when one cohort was held out for correctness, remark-label,
and numeric-grade prediction, although raw SQL remained stronger
within cohort. Greater representation distance was also associated with
larger loss in numeric-grade transfer. These findings show that evaluation
confined to one data source can overstate transfer performance and that
cross-cohort tests are needed before SQL outcome predictions are used
with newly collected submissions.
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1 Introduction

SQL outcome prediction is useful only to the extent that predictions remain
credible when a new collection of submissions differs from the data used for
fitting. In practice, SQL corpora can change when database schemas, assignment
variants, query patterns, or source batches change. A model may then learn cues
that are predictive within one collection but less reliable under transfer. This
issue matters for the prediction of correctness, remark labels, and numeric grade
because those outputs can be interpreted too confidently when the evaluation is
limited to random partitions of one source pool.

Our earlier SQL work established a sequence of learned prediction models:
CNN prediction based on attention, CNN prediction based on multi-output,
transformer-based modeling, and analysis oriented to explanation [10,14,13,15,12].
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That line culminates in the previously published optimized multitask CNN of
Rivas and Schwartz (2025) [11]. We ask how schema or source-batch change is
expressed in the representation space and related to held-out outcome-prediction
performance. We address this question conservatively as schema/source-associated
shift. The observed cohorts vary jointly in schema, source batch, query structure,
and label support, so the study tests are transferred under real corpus additions
rather than isolating a sole causal factor.

We analyze 6,980 SQL submissions across three cohorts, seven schemas,
and nine source groups. For each submission, we compare cleaned SQL with
identifiers preserved against an aligned identifier-and-literal-masked form. We
examine TF-IDF/SVD, CodeBERT, and MiniLM representations, linear source-
recovery and outcome probes, and the optimized multitask CNN trained within
valid fixed partitions. The primary evaluation is leave-one-cohort-out (LOO)
transfer, complemented by a bounded same-schema source-batch control over the
repeated tv schema (the fixed-tv control) and a representation-distance analysis.

The evidence supports four contributions:

1. We show that raw SQL representations make schema identity nearly recover-
able across all three frozen representations, while masking sharply reduces
this direct signal but leaves measurable cohort and source-group information.

2. We show that, for the optimized multitask CNN, masking improves mean
LOO prediction for correctness, remark labels, and numeric grade, although
raw SQL remains stronger under within-cohort evaluation.

3. We show that residual transfer loss persists across source batches that share
the tv schema, which limits any reading based on schema vocabulary alone.

4. We show that numeric-grade transfer loss is positively associated with repre-
sentation distance across TF-IDF/SVD, CodeBERT, and MiniLM distance
spaces in the studied cross-domain comparisons.

Taken together, these results argue for source-aware evaluation before outcome
predictions are interpreted on newly collected SQL data. They do not support
replacing local validation or human judgment with model outputs.

The remainder of this paper is organized as follows. Section 2 reviews previous
work; Sections 3-5 define the study and tests; Section 6 reports results; and
Sections 7 and 8 address limits and implications.

2 Related Work and Prior SQL Prediction Studies

SQL assessment and outcome prediction. SQL submissions admit multiple se-
mantically valid forms, while errors can arise from predicates, joins, grouping,
nesting, or schema references. Earlier SQL assessment systems addressed correct-
ness checking, feedback, and partial-credit analysis through test generation or
structural comparison [6,2,1]. More recently, bounded SQL-equivalence checking
has been presented as a complementary route for validating complex queries
under integrity constraints [5]. These methods establish the importance of SQL
evaluation, but do not answer whether learned outcome-prediction models remain
stable when their source distribution changes.
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Prior project line. This study extends a six-work project line. The first study used
an attention-based CNN to predict SQL correctness [10]. A later multi-output
CNN expanded the prediction setting to correctness, remark labels, and numeric
grade [14]. A BERT-based model then examined transformer representations for
SQL outcomes [13], while an attribution study and a later multi-task CNN study
addressed explanation of predictions [15,12]. A sixth published conference paper
reports the optimized multitask CNN evaluated here [11]. The present paper
changes the central question from prediction and explanation within accumulated
data to transfer under schema/source-associated cohort change.

Representations and cross-schema SQL. CodeBERT learns code-oriented rep-
resentations from programming-language and natural-language/code data [3];
therefore, we use it as the primary frozen code representation, with TF-IDF/SVD
and MiniLM as comparisons. Cross-schema generalization is also central in text-
to-SQL work: Spider separates databases across train and test so that models
must handle unseen schemas and unseen queries [17]. This neighboring task mo-
tivates attention to schema variation, but text-to-SQL generation and outcome
prediction from submitted SQL are different problems.

Shift-aware evaluation. Distribution-shift research treats performance on source
distributions not seen during fitting as a separate evaluation problem, and empha-
sizes that model-selection policy affects how such results should be interpreted
[4,7]. Our leave-one-cohort-out design and fixed-tv check follow that reasoning:
they measure transfer across observed source changes without claiming that
schema names alone cause the effect.

3 Study Setting and Data

This section describes the corpus, targets, SQL controls, and interpretation scope.

3.1 Corpus, cohorts, and source structure

We study 6,980 SQL submissions comprising 5,897 unique normalized SQL strings.
The corpus was assembled through three data additions, which we treat as early,
middle, and late cohorts. These groups are not random partitions of a single
assignment pool: they encode changes in database schema, source batch, and
query form. The early cohort contains 225 submissions from the movie_person
schema; the middle cohort contains 4,270 submissions from four schemas; and
the late cohort contains 2,485 submissions from three schemas. Overall, the data
contain seven schemas and nine source groups.

Table 1 gives composition statistics. The early cohort is small and structurally
distinct: its queries use more tokens and substantially more joins on average than
the later groups. The tv schema is the one repeated schema across data additions:
it occurs in two middle-cohort source batches and one late-cohort source batch.
We use this overlap later for a bounded fixed-schema source-batch check.
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Table 1. Dataset composition and query characteristics by cohort. Correct is the
percentage labeled correct; tokens and joins are per-submission means. Remark labels
include two very rare classes: Non-Interpretable (n = 31) and Cheating (n = 2).

Cohort Rows Schemas Correct (%) Grade Tokens Joins

Early 225 1 58.2 79.0 48.8 0.476
Middle 4,270 4 58.1 85.8 43.1 0.031
Late 2,485 3 59.0 87.5 37.9 0.033
Total 6,980 7 58.4  86.2 41.4 0.046

3.2 Prediction targets and SQL input controls

Each submission has three prediction targets: binary correctness, a categorical
remark label, and a numeric grade. Correctness prevalence is similar across the
broad cohorts (58.2% in early, 58.1% in middle, and 59.0% in late), but remark
support is not balanced. The corpus contains 4,076 Correct and 2,871 Partially
Correct remarks, compared with only 31 Non-Interpretable and 2 Cheating
remarks. We retain the all-class remark endpoint as defined in the study, while
later reporting a two-supported-class diagnostic to prevent the rare labels from
carrying an overly broad interpretation.

For each submission, we compare two aligned SQL inputs. The raw_clean
variant preserves cleaned SQL with schema names intact. The schema_anon
variant masks schema identifiers and literals. This control removes much of
the direct lexical source cue while preserving query-level structure required for
outcome-prediction analysis.

3.3 Scope of the shift

The paper evaluates schema/source-associated shift rather than a sole-cause
effect of schema naming. Cohort, source batch, schema, and query structure vary
together in the observed corpus. E.g., the mean number of joins is 0.476 in early
submissions but approximately 0.03 in both middle and late submissions. Thus,
held-out transfer tests measure whether prediction models generalize across real
corpus additions; the fixed-tv check asks more narrowly whether batch-associated
shift remains measurable when the schema label is held constant.

4 Methods

Next, we discuss representations, prediction models, and distance-to-loss tests.

4.1 SQL inputs and representation families

Let z; denote the cleaned SQL submission for instance i, and let a(-) replace

schema identifiers and literals with anonymous symbols. We evaluate the inputs
=y, ot = a(x;). (1)

Ty



Cross-Cohort Generalization in SQL Representations 5

This paired design measures sensitivity to removing explicit lexical source cues
while preserving the query structure that remains after masking; it does not
isolate a causal effect of schema naming.

We use three representation families. The lexical baseline concatenates word
TF-IDF features with 1-3-grams and character TF-IDF features with 3-5-
grams, followed by truncated SVD to 384 dimensions. CodeBERT is the primary
pretrained code representation because it was designed to learn general-purpose
representations from programming and natural-language/code data [3]. For its
final hidden states h;; and attention mask m;;, we use masked mean pooling:

_ Zthl Myhgy
ZtTil Mt

CodeBERT outputs 768-dimensional vectors from sequences truncated to 256
tokens. Because CodeBERT is code-oriented rather than SQL-specific, its use-
fulness here is evaluated by the present probes and transfer tests rather than
assumed from pretraining. As a general sentence-representation comparison, we
use all-MinilM-L6-v2, producing 384-dimensional embeddings with a maxi-
mum input length of 256 tokens. This comparison combines a compact MiniL.M
encoder [16] with sentence-embedding use motivated by cosine-based comparison
and clustering [9]. Frozen embeddings are computed once per input variant; no
prediction-target label is used during embedding extraction.

2)

Z;

4.2 Source recoverability and local representation structure

A representation may encode source information even when a two-dimensional
projection visually overlaps. We therefore make formal source-signal statements
from high-dimensional tests rather than from UMAP alone. For group label g;
and the set V(i) of k nearest neighbors of sample 4, local same-group purity is

) 1 .1
Purity, = — > - Y Ilgi=gil, ke{510,25}. (3)
i=1 " jEN(i)

We compute purity, silhouette scores, and centroid distances for cohort, schema,
and source-group labels. We also fit linear source-recovery models to predict each
of these labels from frozen embeddings under stratified five-fold cross-validation.
Logistic regression is the primary reported recovery model; a linear SVM is
retained as a support check. Macro F1 is primary because group sizes are uneven.

4.3 Frozen outcome probes

Frozen outcome probes measure how readily each representation supports the
three prediction targets without end-to-end encoder fitting. For correctness, a
weighted logistic probe estimates

p(ygc) =1| zi) =o(w'z; +b). (4)
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We use a weighted multiclass linear probe for remarks and ridge regression
for numeric grade. Each probe is fitted separately within every fixed split and
text variant. Thus, transfer differences reflect the available frozen representation
and the train/test source relation, not adaptation of the pretrained encoder to
held-out labels.

4.4 Optimized multitask CNN

We evaluate the published optimized multitask CNN of Rivas and Schwartz (2025)
[11], which extends prior attention/convolution-based SQL outcome prediction
[10,14,12]. Tts configuration uses a 16,384-token vocabulary, maximum length
capped at 256, a 1,024-dimensional learned token embedding, 512 convolution
filters for each width in {3,4,5, 7}, global max pooling, a 512-unit ReLU bottle-
neck, and dropout 0.0562. The profile uses Adam with learning rate 1.93 x 104,
batch size 128, early stopping with patience 15 and best-weight restoration, and
learning-rate reduction with patience 5.

The CNN jointly estimates correctness, one-hot remark outputs, and numeric
grade. Its reported objective is

£=0142L5) 0 +0.740 L3 + 0.118 L. (5)

The remark output is evaluated as a single-label categorical endpoint using macro
F1, even though the published configuration uses a binary-cross-entropy-coded
remark loss. This design choice is stated directly because rare remark classes
make its interpretation consequential.

This previously published configuration is evaluated over the required within-
cohort and LOO runs. Because its prior design included reported split conditions,
these results are not framed as independent confirmation.

4.5 Representation distance and transfer loss

For a cohort or source group A, let p, be the mean frozen representation. We
quantify shift using cosine distance between group centroids:

1 Hikp
o=z, §(AB)=1- _HakE _ (6)
1P Teall2lls 2

Transfer loss is defined relative to the within-target baseline:
ABA = BAWithin - BAcrossa
AFI = Flwithin - Flcr0557
AMAE - MAEcross - MAEwithin~ (7)

Positive values therefore indicate degraded transfer for all three endpoints. Our
main association statistic is Spearman rank correlation,

ps = corr(rank(d), rank(A)), (8)

which tests monotone distance-to-loss association without assuming a linear scale
for representation distance.
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5 Evaluation Protocol

This section sets the splits, endpoints, bounded control, and reporting rules.

5.1 Fixed splits and bounded control

All models and SQL variants use split files generated once with seed 42. Within-
cohort splits estimate in-source performance using approximately 80%/10%,/10%
train/validation/test partitions. Leave-one-cohort-out (LOO) evaluation is the
primary transfer test: two cohorts form the fitting pool and the complete third
cohort is held out for testing (225 early, 4,270 middle, or 2,485 late submissions).
Pairwise cohort transfer is used for frozen-probe and distance-to-loss support
analyses, not for the primary CNN comparison. Stratification uses remark labels
where support permits; as the late test set contains only the two well-supported
remark classes, all-class remark comparisons are interpreted with the rare-label
limit stated explicitly.

The split audit found zero sample-identifier overlap and zero normalized-
SQL-hash overlap across train, validation, and test roles in all twelve fixed split
settings. The bounded fixed-tv control additionally removes matching normalized
hashes before fitting each directed source-batch comparison. It tests whether
shift remains under one repeated schema label; it is not a causal isolation test.

5.2 Endpoints and reporting policy

Frozen probes use the three frozen representation families under fixed partitions.
The optimized multitask CNN [11] is trained only within the required within-
cohort and LOO partitions. Because its prior design included reported split
conditions, these results are not presented as independent confirmation.

We report balanced accuracy (BA) for correctness, macro F1 for remark
labels, and mean absolute error (MAE) for numeric grade. The all-class remark
endpoint is retained, with the prespecified supported-class diagnostic reported
alongside its interpretation:

_ TPR+TNR
-0

C n
1 1
BA Flosero = — S Fl.,  MAE =~ =il (9
: C; n;ly gil- (9)

Distance-to-loss results compute Pearson and Spearman correlations, treating
Spearman correlation as primary. The main frozen-probe analysis contains nine
cross-domain comparisons per variant; CNN distance correlations contain only
three LOO targets per variant and are treated as exploratory.

The recorded environment includes scikit-learn 1.8.0, transformers 5.9.0, torch
2.11.0 with CUDA 12.8 support, sentence-transformers 5.5.1, TensorFlow 2.21.0,
and Keras 3.14.1. The reported analyses concern aggregate performance and
source-associated shift.
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Table 2. Five-fold logistic-regression macro F1 for recovering source-associated labels
from frozen SQL representations. Anon. masks identifiers and literals. Values are macro
F1; larger values indicate stronger label recoverability.

TF-IDF/SVD CodeBERT MiniLM

Target Raw Anon. Raw Anon. Raw Anon.
Schema 0.999 0.492 0.995 0.511 1.000 0.499
Cohort 0.986 0.647 0.980 0.666 0.987 0.652

Source group 0.902  0.464 0.892 0.499 0.903 0.475

6 Results

This section describes source signal, transfer, and distance-to-loss association.

6.1 Representation and Source Signal

Table 2 and Fig. 1 test whether frozen SQL representations encode corpus
membership before any outcome target is predicted. Under raw SQL, schema
identity is nearly recoverable from every representation: logistic-regression macro
F1 is 0.999 for TF-IDF/SVD, 0.995 for CodeBERT, and 1.000 for MiniL.M.
Cohort recovery is similarly high (0.980-0.987), while recovery of the finer nine-
way source group remains high but lower (0.892-0.903). Thus, raw query strings
expose a strong signal linked to the schema and collection source.

Masking identifiers and literals sharply reduces this easy source signal. Schema-
recovery macro F1 falls to 0.492-0.511, a decrease of at least 0.485 across rep-
resentations. Source-group recovery falls to 0.464-0.499, while cohort recovery
remains between 0.647 and 0.666. Masking therefore removes much of the directly
recoverable schema vocabulary, but it does not erase the structure associated with
cohort or source batch. This residual signal is consistent with the data setting:
query form and assignment/source properties vary across corpus additions in
addition to schema naming.

The CodeBERT results also separate recoverability from a claim of globally
compact grouping. For schema labels, its cosine silhouette score is only 0.036
with raw SQL and —0.025 after masking, while its linear schema-recovery macro
F1 is 0.995 and 0.511, respectively. At k = 10, CodeBERT schema-neighbor
purity decreases from 0.729 to 0.395 against a 0.158 class-frequency baseline;
source-group purity decreases from 0.649 to 0.322 against a 0.138 baseline. Hence,
the source-associated signal is available to local neighborhoods and linear probes
even where a global cluster claim is not supported. Fig. 2 shows the corresponding
cohort-colored CodeBERT UMAP projections for raw and masked SQL. These
projections support visual comparison, while the result statement is based on
the high-dimensional tests and recovery probes.
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Fig. 1. Source-label recoverability after masking identifiers and literals. Bars report
five-fold logistic-regression macro F1 from frozen representations; hatching identifies
anonymous SQL for grayscale reading. Exact values appear in Table 2. Quantitative
evidence is carried by the recovery metrics, not by a two-dimensional projection.

Table 3. Primary leave-one-cohort-out outcome prediction. Values are means over the
three held-out cohorts. Bold marks the better input within each model. The optimized
multitask CNN is a published configuration. Remark F1 is rare-label-sensitive; under
anonymous SQL, supported-class F1 is 0.635 for CodeBERT and 0.626 for the CNN.

Model Input Correct. BA T Remark F1 1 Grade MAE |
CodeBERT probe Raw 0.599 0.372 21.994
CodeBERT probe Anon. 0.662 0.375 19.484
Optimized multitask CNN Raw 0.564 0.385 21.316
Optimized multitask CNN Anon. 0.660 0.481 19.966

6.2 Cross-Cohort Outcome-Prediction Transfer

Table 3 presents the primary leave-one-cohort-out (LOO) outcome-prediction
results. For the optimized multitask CNN, anonymous SQL improves all three
mean LOO endpoints relative to raw SQL: correctness balanced accuracy increases
from 0.564 to 0.660, all-class remark macro F1 increases from 0.385 to 0.481, and
numeric-grade MAE decreases from 21.316 to 19.966. These gains are specific to
held-out transfer rather than a general advantage of masking. Under within-cohort
evaluation, the same CNN performs better with raw SQL than with anonymous
SQL for correctness (0.741 versus 0.686), remarks (0.608 versus 0.596), and
grade prediction (MAE 15.507 versus 20.566). Explicit schema-bearing tokens can
therefore aid in-source prediction while harming transfer across cohort additions.
Fig. 3 summarizes this contrast for the optimized multitask CNN, showing the
raw-versus-anonymous change under within-cohort and LOO evaluation for all
three endpoints.
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Fig. 2. CodeBERT UMAP projections of SQL submissions colored by cohort for raw
SQL (top) and identifier-and-literal-masked SQL (bottom). Each point represents one
submission; colors identify the early, middle, and late cohorts. The panels provide a
visual comparison of cohort-associated geometry before and after masking.

Under anonymous LOO evaluation, CodeBERT and the optimized multitask
CNN are effectively tied on correctness prediction (0.662 versus 0.660 balanced
accuracy) and close on numeric-grade prediction (19.484 versus 19.966 MAE). The
CNN has higher reported all-class remark macro F1 (0.481 versus 0.375). That
comparison requires qualification: the remark labels are severely imbalanced, and
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Fig. 3. Performance of the optimized multitask CNN within cohort and under leave-
one-cohort-out (LOO) transfer. Anonymous SQL improves all three mean LOO outputs,
while raw SQL is stronger within cohort. Lower values are better only for numeric-grade
MAE. The model is a published configuration rather than an independent confirmation
result.

the supported-class diagnostic over Correct and Partially Correct is nearly tied,
with CodeBERT at 0.635 and the CNN at 0.626. Further, the CNN’s anonymous
all-class remark F1 varies from 0.202 on the held-out early cohort to 0.773 on
the held-out late cohort. The result supports a higher reported mean remark
score for the optimized multitask CNN, not a uniform advantage across cohorts
or remark classes.

A bounded repeated-tv check using the CodeBERT probe provides a same-
schema source-batch control. Although every comparison uses the same schema
label, anonymous SQL retains source-batch recoverability (macro F1 0.637) and
positive mean transfer losses remain across six directed source-batch comparisons:
0.169 in correctness balanced accuracy and 10.584 in grade MAE. In this fixed-
schema control, masking does not reduce mean transfer loss relative to raw SQL.
The primary cohort-level LOO improvement should therefore be read as an
empirical transfer benefit in that setting, not as evidence that masking removes
all source-associated shift.

6.3 Representation Distance and Transfer Loss

Representation distance is most informative for numeric-grade prediction. Table 4
reports the association between distance in each frozen representation space
and transfer loss of the CodeBERT frozen outcome probe. Using CodeBERT
distances, numeric-grade MAE loss increases with cross-domain distance under
both raw SQL (pg = 0.740, p = 0.0228, n = 9) and anonymous SQL (pg = 0.783,
p = 0.0125, n = 9). The same positive association holds when distance is measured
in TF-IDF/SVD or MiniLLM space; all six grade-distance correlations in Table 4
are positive with p < 0.05.
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Table 4. Spearman association between representation distance and numeric-grade
MAE transfer loss for the CodeBERT frozen outcome probe. Each cell uses nine cross-
domain comparisons.

Numeric-grade MAE loss

Numeric-grade MAE loss

Raw SQL Anonymous SQL
Distance space ps p ps p

TF-IDF/SVD  0.767 0.0159 0.899 0.0010
CodeBERT 0.740 0.0228 0.783 0.0125

MiniLM 0.833 0.0053 0.773 0.0145
® Early involved ® Middle/late only == Visual guide
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CodeBERT centroid distance (x1073)

Fig. 4. Numeric-grade MAE transfer loss against CodeBERT centroid distance for the
CodeBERT frozen outcome probe. Each panel contains nine cross-domain comparisons;
point labels identify directed train-to-test comparisons. Comparisons involving the early
cohort account for much of the far-distance range. Lines are visual guides; inference is
based on the rank statistics and Table 4.

The association is endpoint-specific rather than a general claim about every
outcome. For CodeBERT distance, correctness transfer loss has weaker and
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uncertain rank associations (raw pg = 0.168, p = 0.6656; anonymous ps = 0.467,
p = 0.2054), while remark-label loss does not show a consistent positive relation
(raw ps = 0.227, p = 0.5571; anonymous pg = —0.517, p = 0.1544). This
difference matters: representation distance signals risk for numeric-grade transfer
in these data, but does not function as a single proxy for every prediction
endpoint.

Fig. 4 also makes the range limitation visible. The comparisons involving
the early cohort occupy the high-distance region and carry the largest numeric-
grade losses. Since the early cohort is smaller and structurally different from the
later groups, the association should be read as a useful warning signal within
the studied source changes, not as a universal law of SQL outcome prediction.
Distance correlations for the optimized multitask CNN use only three LOO
targets per input variant and are therefore treated as exploratory rather than as
primary evidence.

7 Discussion, Limits, and Responsible Use

The results establish a focused claim: SQL representations carry source-associated
information, and this information matters for held-out prediction of numeric
grade and, in the primary LOO setting, for the optimized multitask CNN’s
three reported outcomes. Raw SQL makes schema and source identity highly
recoverable; masking removes much of that direct lexical signal. Yet the fixed-tv
control shows that batch-associated transfer loss remains when the schema label
is held constant. The findings therefore concern schema/source-associated shift,
not schema names as a sole causal mechanism.

Limits. First, the observed cohorts link schema, source batch, query form, and
label distribution. The early cohort is especially important: it contains 225
submissions, one schema, and substantially more joins than the later cohorts, and
it sets much of the high-distance range in Fig. 4. Second, the remark endpoint has
only 31 Non-Interpretable and 2 Cheating cases. We retain the specified all-class
endpoint but qualify it with the supported-class diagnostic.

Responsible interpretation. Cross-source evaluation is necessary when a predictive
model may face distributions different from those used for fitting, and model-
selection choices must be made visible in such comparisons [4]. In an educational
setting, responsible interpretation requires clarity about the records used and the
meaning and limits of the model predictions [8]. Consequently, the present results
support transfer testing before predictions are interpreted on newly collected
schemas or source batches. They do not support using numeric-grade predictions
as final instructional decisions without local validation and human oversight.

8 Conclusion

This study examines cross-cohort generalization for SQL outcome prediction under
schema /source-associated distribution shift. Across frozen representations, source-



14 P. Rivas and D. R. Schwartz

associated information remains recoverable from SQL text; masking identifiers and
literals reduces direct schema and source recoverability without eliminating cohort-
associated structure. In leave-one-cohort-out testing, the optimized multitask
CNN benefits from masking across its three reported outcome endpoints, while
the distance analysis identifies a positive association between representation
distance and numeric-grade transfer loss across the tested representation spaces.
Together, these findings show that held-out transfer behavior can differ from
within-cohort performance.

The study does not attribute transfer degradation to schema names alone: in
this corpus, cohort, schema, source batch, query form, and label distribution are
linked. The evidence instead supports cross-cohort evaluation as a necessary test
for SQL outcome-prediction models intended for newly collected data. Future
work should separate these linked factors through confirmatory protocols and
additional source groups; practical use of numeric-grade predictions should remain
subject to source-aware validation and local human oversight.
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