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Abstract

To automate spatial language classification, we
fine-tuned DeBERTa-v3, a transformer-based
language model, using a 33,284-word dataset
following a 70:15:15 train-validation-test split.
The model performed well in a held-out test
comparing performance to human coders (Co-
hen’s kappa = .88).
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Structured Summary
1 Background

Children’s spatial skills, including the ability to
mentally visualize and manipulate objects within
their environment (Uttal et al., 2013), are predic-
tive of success in STEM fields later in life (Lauer
& Lourenco, 2016; Frick, 2019). One way to index
the degree of spatial abilities in children is through
the analysis of their spatial language in conversa-
tions (Fox et al., 2025; Pruden et al., 2011). Spatial
language includes words for location and direction
(e.g., in, up), dimension and size (e.g., small, tall,
shallow), shape (e.g., circle, curved), and orienta-
tion or transformation (e.g., turn, flip). Determin-
ing whether language is spatial is difficult because
many of these words are used spatially only in spe-
cific contexts. For example, to can express a spatial
relation in "go to the top." but is non-spatial in "I
want to help."; similarly, feet refers to a spatial mea-
surement in "You are four feet tall." but to a body
part in "My feet hurt." Because of the contextual
complexity of language, researchers historically
could not automate coding and instead relied on
human coders, which remains an expensive and
time-consuming bottleneck for research. Transcrib-
ing and coding open-ended language can take eight
times as long as the recording itself (d’Apice et
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al., 2019; Margolin et al., 1998). Partly for this
reason, spatial ability has more often been mea-
sured with non-language based spatial ability as-
sessments, which are quick to administer and score
despite being less ecologically valid (Harris, 2023).
Language models offer a scalable, cost-effective
alternative to human coding. For example, recent
work demonstrated that a multi-agent foundation
model (i.e., GPT-40 with Administrator, Judger,
and Critic agentic roles) performed similarly to
human coders and identified novel spatial words
(Shi & Uttal, 2025), which expanded the dictionary
of possible spatial candidate words (Cannon et al.,
2007). In the current study, we attempt to further
improve the fidelity of language model coding by
fine-tuning the DeBERTa-v3 base model on a large
dataset of words previously coded by humans.

2 Aims

This study examined the validity of a fine-tuned
DeBERTa-v3 model for spatial language coding
(e.g., Yu et al., 2023). We compared a fine-tuned
Al language model as a coder against traditional
human coding, evaluated their performance, and
explored implications for educational assessment.

3 Sample

Our sample consisted of recordings of 33,284
words across 239 parent-child conversations at a
tinkering exhibit in the Chicago Children’s Mu-
seum (see Polinsky et al., 2023). These counts re-
flect the final analytic sample after excluding eight
sessions for which transcript and human-coding
records could not be reliably matched due to in-
consistencies between the transcript and coding
files. Participating children ranged in age from 6
to 11 years, and families reflected the ethnic and
socioeconomic diversity of Chicago (Figure 1). All
families spoke fluent English.
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Figure 1. Participant Demographics
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The spatial dictionary (a predefined list of spa-
tial candidate words that may have spatial mean-
ings) developed by Cannon et al. (2007) was used
to identify candidate words requiring contextual
classification. The dictionary flagged 3,516 words
as spatial candidates, representing 10.6% of all
words and spanning 112 unique word types. Hu-
man coders subsequently judged whether each can-
didate was spatial in its utterance context. Approx-
imately 41.4% of candidates were coded as spatial,
corresponding to 4.4% of all words. The ten most
frequent word types account for 61% of all spatial
words.

4 Methods

Human coding followed the procedure detailed in
Polinsky et al. (2023), in which a Bag-of-Words
dictionary (Zhang et al., 2010) based on Cannon et
al. (2007) flags candidate words that trained coders
then judge in utterance context. This human-coded
dataset serves as the criterion against which model
performance is evaluated.

We used the open-source transformer-based lan-
guage model DeBERTa-v3 base (He et al., 2021,
2023) for spatial language coding because of its
efficiency in natural language understanding tasks.
DeBERTa-v3 builds on DeBerta’s disentangled at-
tention, which separates a word’s meaning from
its position, making it well-suited for binary word-
level classification (spatial = 1, non-spatial = 0)
with the full utterance provided as context. Spatial
words were identified using Polinsky et al. (2023).

The fine-tuned model was trained using a
70:15:15 train-validation-test split grouped by
parent-child conversation to prevent data leakage
(see Raschka, 2018). Given that spatial words are
rare (4.4% of all words), we did not apply class

weighting or resampling. Instead, the spatial dic-
tionary restricted scoring to candidate words at
inference, and checkpoint selection used validation
minority-class F1 (computed over all words) rather
than accuracy. We trained the model over two
epochs to limit overfitting (see Devlin et al., 2019)
and because that F1 did not improve on runs with
three to five epochs. We then evaluated the held-out
test set against human coding on both overall and
candidate-only classification. After fine-tuning, we
calibrated the model’s decision confidence using
temperature scaling (Guo et al., 2017), a standard
method to reduce model overconfidence.

Performance of the fine-tuned model was evalu-
ated using the following metrics: Cohen’s kappa,
accuracy, sensitivity (recall), specificity, positive
predictive value (PPV or precision), negative pre-
dictive value (NPV), and F1 score. All metrics
range from 0 to 1 except for Cohen’s kappa, which
ranges from -1 to 1. Higher values reflect stronger
consistency with human coding. We also computed
the error metrics expected calibration error (ECE;
Guo et al., 2017) and Brier score (Brier, 1950)
before and after temperature calibration. ECE sum-
marizes the discrepancy between predicted con-
fidence and observed accuracy across confidence
bins, whereas the Brier score measures the squared
difference between predicted probabilities and ob-
served binary outcomes. For both ECE and Brier
scores, lower values indicate better probabilistic
predictions.

5 Results

We tested the fine-tuned DeBERTa-v3 model on
a held-out dataset of 526 spatial-candidate words
from a total of 4,470 words. The held-out dataset
was created using a group-aware split by conver-
sation, ensuring no conversation overlap between
training and test data.

The performance metrics are presented in Table
1, with the positive class representing spatial words.
The fine-tuned model achieved strong agreement
with human coders across all words (i.e., overall
evaluation set Cohen’s kappa = .88) and within
spatial candidate words (Cohen’s kappa = .81). Be-
cause 95.3% of the test words are non-spatial, over-
all accuracy is inflated by class imbalance. The
candidates-only evaluation is the more informative
test, in which an accuracy of .91 compares against
a .60 majority-class baseline. The fine-tuned model
also produced well-calibrated probability estimates
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Table 1. Performance Metrics Across Fine-tuned DeBERTa-v3

Accuracy Sensitivity Specificity  Precision (PPV) NPV F1
FD FD.s FD FD.s FD FD.s FD FD_s FD FD_s FD FD_s
0.99 091 092 092 099 090 084 0.86 1.00 095 0.88 0.89

Note. FD = Fine-tuned DeBERTa-v3; FD_s = Fine-tuned DeBERTa-v3 including spatial candidates only. The base rate of
spatial words on the test set is 4.7% overall and 40.1% among spatial candidates. Accuracy should be interpreted against these

prevalences.

Table 2. Error Metrics of Fine-Tuned DeBERTa-v3

. ECE ECE . n
Evaluation Set Method Uniform Quantile Brier (words)
Raw 0.008  0.004 0.010
Overall Temp 0005 0003 0009 470
Spatial Raw 0.059 0.044 0.074 596
Candidates Temp 0.050  0.041 0.069

Note. Raw = pre-calibration; Temp = post-hoc temperature
calibration; ECE = expected calibration error (lower is bet-
ter). ECE Uniform uses equal-width confidence bins; ECE
Quantile uses equal-frequency bins. Brier = mean squared
error of predicted probabilities (lower is better).

which further improved after post-hoc temperature
calibration (see Table 2 and Figure 2). Taken to-
gether, these fine-tuning results are promising as a
scalable alternative to human coding.

To provide calibrated confidence estimates for
the model’s decisions, we adjusted how closely the
model’s decision probabilities matched observed
outcomes. Notably, calibration only changed what
the model claimed to know, and left coding deci-
sions untouched. The raw probabilities were over-
confident within the spatial-candidate set (ECE =
.059, Brier = .074). We fit a single temperature
parameter on the candidate words of the validation
split to address the model’s overconfidence, yield-
ing T = 1.46 (see Figure 2). Applying that temper-
ature to the held-out test set reduced expected cali-
bration error by roughly 15% (.059 to .050 under
uniform binning; .044 to .041 under quantile bin-
ning) and reduced the Brier score from .074 to .069
(see Table 2). Metrics computed across all words
were already near ceiling and changed little (ECE
=.008 to .005), which is expected given that 95.3%
of words are trivially classified as non-spatial. Cal-
ibration allows researchers to more readily accept
high-confidence judgments and manually review
cases where the model is less confident.

6 Conclusion

This study contributes to the field of Al in educa-
tional measurement by supplying an open-access

(https://github.com/SamAgnoli/
spatial-language-classifier/tree/
main), scalable model for spatial coding. Our
findings provide empirical evidence that a fine-
tuned DeBERTa-v3 model can achieve strong
agreement with human coders.

We suggest that researchers can deploy this
model as a supplement to the costly process of
human coding for spatial language. However, we
caution against using this model as a replacement
for human coding until the generalizability con-
cerns outlined below are addressed. As an example,
the current model may be sufficient for identifying
relative differences or rank-ordering spatial abil-
ity within a homogenous sample. However, the
model does not capture absolute values in spatial
ability and should not be used as a diagnostic tool.
We note that humans also make errors in spatial
coding, and that the model may fall within an ac-
ceptable range of human variance for researchers’
or educators’ specific goals.

More generally, the value of this research may lie
in what automated coding supports rather than the
specific performance of a given model. Spatial abil-
ity has historically been measured with tractable,
easy to score laboratory tasks (Harris, 2023). These
tasks have been criticized for failing to capture real-
world behaviors and abilities. In contrast, natu-
ral language offers a more ecologically valid and
perhaps powerful tool to measure spatial ability.
Whereas previously natural language was too cost-
and time-intensive to analyze without ample re-
sources, researchers can now record students in
any situation of interest and be rewarded with a
rich dataset. Automated coding may eventually
overtake lab tasks in both availability and ecolog-
ical validity, albeit with potential confounds (e.g.,
socioeconomic status, Noble et al., 2007).

There are several limitations to consider. We
note that our data are limited (i.e., a few tasks
in a museum tinkering exhibit) among English-
speaking parent-child dyads. Also, the fine-tuned
model was limited by its spatial dictionary. Future
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Figure 2. Calibrated Reliability Diagram for Spatial Candidate Subset

Raw
1.0

Calibrated (Temp, T=1.46)

----- Perfect Calibration

I =4 =3
S =3 =3
L I L

Observed Fraction Spatial

=]
Mo
L

0.0 .

----- Perfect Calibration

T T T
0.0 0.2 0.4 0.6 0.8
Mean Predicted Confidence

|
t T T T
1.0 00 02 0.4 0.6 0.8 1.0

Mean Predicted Confidence

Note. Figure 2 presents the reliability diagram for the spatial-candidate subset. Both line graphs track the diagonal (i.e., perfect
calibration) at the extremes of the confidence range. The temperature calibrated line-graph is closer to the diagonal than the
raw line-graph across most of that range, demonstrating better calibration. Shaded bands are 95% Wilson score confidence
intervals for each bin’s observed proportion, and are wide wherever a bin contains few words. Notably, 89.7% of candidate
words fall in the lowest and highest confidence bins (n = 267 and n = 169, respectively, out of 526 candidates), so the volatility

in the middle bins reflects greater noise due to the small sample.

research might develop a pipeline for expanding
the dictionary for a given task following the multi-
agentic approach outlined in Shi and Uttal (2025)
and then fine-tuning DeBERTa-v3 (or a state-of-
the-art model) provided researchers have sufficient
data (i.e., spatial words within the utterance con-
text). Additionally, human coding was based on the
Cannon et al. (2007) and Polinsky et al. (2023) dic-
tionary, whereas the model’s candidate gate might
be expanded following testing with the expanded
dictionary from Shi and Uttal (2025). Re-coding
the expanded candidates would allow the model’s
performance on novel spatial terms to be evaluated
directly. Finally, to ensure generalizability, it is
crucial to externally validate the model on indepen-
dent datasets of varying demographics. Because
the ten most frequent spatial words account for 61%
of positive spatial language in the dataset and are
domain-general (e.g., in, on, up, there), we suspect
that the model’s classification abilities would trans-
fer to other (i.e., non-museum) English-speaking
contexts where middle-childhood participants are
tasked with describing spatial objects and relations.
Regarding spatial classification in other languages
with unique spatial representations (see Bowerman
& Choi, 2001), researchers could apply our method-
ology to develop their own trained classifier, pre-
suming they have sufficient human-coded spatial
data.

Broadly, we underscore the importance of trans-
parency in Al-related research as well as ensuring
human alignment in Al-generated coding. This in-
cludes ensuring interpretable Al outputs, which we
have attempted by using a spatial language dictio-
nary and confidence calibration so that researchers
can track which words or situations lead the model
to be incorrect and/or overconfident. Such inter-
pretability is essential for keeping humans aware
and in control of model outputs. We also encour-
age other researchers to share their datasets either
privately or in an open-source repository so that
future researchers can use these datasets to train
more advanced models as they become available.

Ultimately, this research advances the use of Al
to support high-quality, context-aware educational
measurement at scale.

7 Open Science and Code Availability

The fine-tuned model is publicly released under
an MIT license at https://huggingface.
co/SamAgnoli/deberta-v3-base-
spatial-language—detection,

and the full pipeline is available at
https://github.com/SamAgnoli/
spatial-language-classifier. The
Hugging Face model card documents the input
format, training hyperparameters, per-class
evaluation metrics, and the temperature-scaling
procedure, and the model can be loaded to classify
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spatial language through a quick-start notebook
accessible via the GitHub repository. In this
repository, spatial words are identified using the
dictionary developed by Polinsky et al. (2023),
though we encourage future human coders to
use the expanded dictionary by Shi and Uttal
(2025). The repository also contains the annotated
notebook covering dictionary construction and
candidate matching, the conversation-grouped
70:15:15 split, fine-tuning, held-out evaluation on
both the overall and candidates-only views, and
post-hoc calibration.

Researchers applying the classifier should note
that it is a sentence-pair classifier: it judges a tar-
get word together with its utterance. Performance
outside English-language, parent-child tinkering
speech has not been established, and we recom-
mend the candidates-only metrics as the appropri-
ate basis for judging model quality. Consistent
with our recommendation that researchers share
data where possible, we have provided a deidenti-
fied variant of our human-coded dataset within the
repository under the data/example subfolder.
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