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Figure 3: Prediction results of different training-validation
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data-splitting conditions. [(a)|is the Pearson correlation

averaged across all brain voxels. The error bar indicates the standard deviation of all 60 test stories. [(b)] to [(F)] are
the subtraction results averaged across all subjects between different block conditions.
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Figure 4: Results of different data size. [(a)]is the Pearson correlations averaged across all brain voxels of different
data size. The error bar indicates the standard deviation of all 60 test stories. to [(f)] are the subtraction results

averaged across all subjects between different data size.

frontal and temporal lobe is especially greater than in
other parts of the brain. Adding the number of stories
from 20 to 30 and from 30 to 40 increases the frontal
and temporal lobe prediction results in a similar way,
but with smaller increases. When the number of stories
reaches 40, adding more can hardly improve prediction
results.

The choice of null hypothesis has much greater im-
pact on the significance test results than the test
method Figure [5] shows the subject-level and group-
level significance test results under three null hypothe-
ses. As illustrated, significant voxels under differ-
ent null hypotheses varied substantially, especially at
subject-level. However, for the same null hypothesis,
the results between parametric test and non-parametric
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Figure 5: Results of significance test. Color-highlighted areas are significant voxels under different null hypotheses

(FDR ¢ < 0.01, the color bar represents values of — log q)

test are pretty similar. This phenomenon suggests that
choosing the appropriate null hypothesis is more im-
portant than choosing the statistical test method.
Among the results of all three hypotheses, the Hy : 7 =
0 selects the most voxels at both subject level and group
level. However, among these significant voxels, many
of them are not significant under the other two null
hypothesis, suggesting that a 7 greater than zero may
not enough to prove a voxel represents linguistic infor-
mation. Because the encoding models can learn some
mapping even with the permuted stimuli and with the
rest fMRI signals. Furthermore, the results of subject-
level test and group-level test are also different. Almost
all voxels are statistically significant in group-level test.
The reason is that with an increased number of samples,
a small effect can also be significant.

5. Discussion

Exploring brain language processing with neural en-
coding models highly depends on the performance of
encoding models in predicting brain responses. Our
experiment shows that different experimental settings
can lead to highly different encoding results. In this
section, we discuss the results of our experiment.

Our first finding is about the cross-validation method
used to train the encoding model. A main challenge for
cross-validation is that the successive measurements of
fMRI are temporally correlated. We find that splitting
training-validation data with blocks longer than 32s can
substantially increase the prediction performance. The
reason may be that the influence of temporal correlation
in fMRI data could be diminished with longer blocks.
This is reasonable because the temporal correlation be-

tween fMRI images decreases as the distance increases.
We also find a slight decrease on the temporal lobe and
the frontal lobe when continuing to increase the block
length. A possible explanation is that shorter blocks
can better mix up the data from different stories and
therefore choose a better hyper-parameter. From our
experiment, a block length around 32s reaches the best
performance of encoding models. This finding about
the best block length is also very useful when using
bootstrapping methods.

The second finding is about the data size used to train
encoding models. As a data-driven method, there is
no doubt that more data can lead to better results of
encoding models. However, our concerns are whether
small data would miss some brain regions and whether
increasing the data can linearly increase the predic-
tion performance. The experimental results show that
when data size is small, adding data can substantially
increase the prediction accuracy especially on the tem-
poral lobe and frontal lobe. However, as the data size
continues to increase, the improvement brought by new
data becomes lower, and the prediction performance
tends to be stable. This phenomenon may be explained
by the limitation of the expressive capacity of linear
models. As discussed by [Ivanova et al. (2021), ex-
isting work focused excessively on the linear encod-
ing model. It is quite reasonable to use linear models
when the data size is small because complex models
are prone to over-fitting on small data. However, as the
amount of data available grows, more powerful models
may be adopted in the future to better learn the map-
ping between deep language models and brain signals.

Finally, we discuss the statistical significance test-
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ing. On one hand, in neuroscience studies, signifi-
cance testing is an important step and various testing
methods have been raised in the past decades (Nichols
and Holmes, 2002; [Winkler et al., 2014} [Etzel, 2015}
Lohmann et al., 2018). However, fewer attention has
been paid on it in studies using encoding models. Our
results show that choosing appropriate null hypothesis
is very important in controlling false discoveries. But
the three null hypotheses we considered are only at-
tempts to control different bias that encoding models
may learn in data. There may also be other bias that
the encoding models can learn. More discussions are
needed to further clarify this question. On the other
hand, as mentioned by |[Hamilton and Huth (2020),
many neuroscience studies paid too much attention to
statistical significance and too little to effect size. As in
our results, almost all voxels are statistically significant
in the group-level testing. However, a small Pearson
correlation may be significant but not important in ex-
plaining brain mechanisms. Future work can pay more
attention to statistical power and effect size.

6. Conclusion

Neural encoding models predict brain responses based
on the stimuli that elicited them. The present study
systematically investigates how different experimental
settings of encoding models affect the results. By ex-
ploring encoding models with different training meth-
ods, different data size, and different significance test-
ing methods, we find that in cross-validation, splitting
training-validation set with blocks longer than 32 sec-
onds can reach substantially higher prediction accuracy
than blocks shorter than 32 seconds. And for a linear
encoding model, the recording duration of fMRI data
longer than three hours may be sufficient to avoid the
under-fitting training results. Finally, the careful choice
of null hypothesis is very important to control for false
discoveries. We considered three null hypotheses in
this work, but more discussions are needed to clarify
what is the best way to conduct significance testing.
As more researchers begin to use neural encoding mod-
els to study the neural basis of language, a thorough
analysis of the settings of these models can aid in their
proper application and replication. We hope this pa-
per will encourage more discussions about the settings
used in brain encoding analysis and improve the sound-
ness of the research.
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