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Abstract

The Picture Story Exercise (PSE) is a projective measure
in personality psychology where individuals create narra-
tives based on ambiguous images. Traditionally, the coding
of these narratives has been labor-intensive. We introduce the
Automated Motive Coder (AMC), which employs recent ad-
vances in natural language processing and machine learning
to automate the coding of PSE narratives. Trained on an ex-
tensive dataset, the AMC demonstrates accuracy compara-
ble to expert coders for both original and translated texts.
The model offers support for multiple languages that were
absent in prior methods while improving in accuracy and
speed. To illustrate its effectiveness, we tested and success-
fully replicated the established psychological effect of gen-
der difference in the affiliation motive. The AMC can be uti-
lized through established machine learning tools, offering a
pragmatic and reliable method for coding across several lan-
guages. This tool provides an option to reduce the workload
involved in PSE coding, promoting efficiency and consis-
tency in motive assessment.

HuggingFace —
https://huggingface.co/automatedMotiveCoder/setfit

Introduction

A pivotal assumption of motivational psychology is that
individuals differ in their propensity to seek out specific
classes of affectively charged goal states (McClelland et al.
1953; Schultheiss and Kollner 2021). For instance, individ-
uals differ in their aspirations of goals pertaining to the most
commonly investigated motivational needs for achievement
(nAch; a concern for excellence and success), power (nPow;
a concern for social impact and prestige), and affiliation-
intimacy (nAff; a concern for positive social interactions and
relationships). Such dispositions are termed implicit motives
because individuals are not aware of their motivational incli-
nations. Consequently, implicit motives cannot be inferred
from self-reports, but have to be assessed in an indirect way.
Beginning with nAch in the 1950s, Picture Story Exercises
(PSEs) have become the established method of implicit mo-
tive measurement (McClelland et al. 1953; Pang 2010).
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Figure 1: Examples of images used as stimuli in Picture
Story Exercises (PSEs). The images are sourced from a col-
lection of candidate PSE images published in Schonbrodt
et al. (2021). The left image is titled “newpicl14” by Oliver
Schultheiss (CC-BY 4.0); the right image is titled ’burglars”
(CCO).

PSEs are research variants of the Thematic Apperception
Test (TAT; Morgan and Muray 1935). Participants are in-
structed to invent imaginative stories in response to picture
cues showing ambiguous, often social, scenes. Typically, a
sequence of four to eight pictures that pull for imagery re-
lated to the targeted motive domains are presented for 10 —
15 seconds, and participants are given 4 or 5 minutes time
per picture to write down a story that describes the depicted
scene (Pang 2010). See Figure 1 for example images. The
stories are then coded for the appearance of motive-related
contents as defined in empirically validated coding systems
that were developed for the assessment of the respective mo-
tives (for an overview of classical motive coding systems,
see Smith 1992).

The process of PSE coding is effortful and requires sub-
stantial amounts of time, labor, and expertise. Coders need
to undergo training in order to apply the coding rules ac-
curately, which according to Pang (2010) should include at
least 12 hours of practice per coder. For a trained and expe-
rienced coder, the coding of a single PSE-story takes about
2 — 5 min, which amounts to a coding time of 12 — 30 min.
per participant for a typical six-picture PSE. In addition, it is
recommended that PSE-stories are coded by at least two in-
dependent coders (Pang 2010), which doubles the effort. A
second potential problem pertains to the objectivity of PSE
coding by human coders. Coders are required to achieve
high agreement with expert codings during coder training



(reported requirements are usually a category agreement of
85%, see Winter 1994) and, in case of multiple independent
coders, with each other. Nonetheless, the objectivity of cod-
ings might still be impaired by coder drift over time (Pang
2010) or differences in coding practices between different
labs.

Previous Work

Because of the limited practical efficiency and potential
problems of objectivity that come with human coders, mo-
tive researchers have been striving to develop automatized,
computer-based alternatives for decades (e.g., Green et al.
1967; Smith 1968). The approaches for automated mo-
tive coding reach from classic natural language process-
ing methods like bag of word approaches (e.g., Schultheiss
2013) to embedding model based RNN-approaches (e.g.,
Pang and Ring 2020). Most recently, Nilsson et al. (2024)
published transformer-based automated motive coding ap-
proaches based on RoBERTa large (Liu et al. 2019) and
GBERT (Chan, Schweter, and Méller 2020). Crucially, all of
these earlier efforts were fundamentally limited to unilingual
processing. Although the two models presented by Nilsson
et al. (2024) showed performance comparable to that of ex-
pert coders, their reliance on unilingual base models repre-
sents a significant constraint.

Tunstall et al. (2022) published a contrastive learning
paradigm (described below) that leverages transformer-
based embedding models implementing recent advance-
ments. This approach additionally allows for basing clas-
sifier architectures on Sentence Transformer (Reimers and
Gurevych 2019) models, that are trained to be capable of
embedding texts in a variety of languages. We aim to im-
prove on the models trained by Nilsson et al. (2024) by
utilizing the training paradigm described by Tunstall et al.
(2022) to (1) improve inference speed and accuracy and (2)
allow our model to classify texts written in more than one
language.

Methods
Training and holdout material

The main dataset is a combined data base of German PSE
stories from 27 studies, which have been coded sentence-
wise with the Manual for Scoring Motive Imagery in Run-
ning Text (Winter 1994) by several trained coders (see
Schonbrodt et al. 2021 for details of the data base). Each sen-
tence is labelled with one of the four motive classes nAch,
nAff, nPow or “no motive” (null). See Table 1 for exam-
ples of coded sentences. In rare cases (see below), multiple
classes were assigned. For the computation of a motive score
on person level, first all motive labels are summed across all
stories that a person wrote. As such a score is typically cor-
related with the length of stories (longer stories with more
sentences have more potential to accumulate motive labels),
these sum scores are subsequently corrected for word count
(see below).

According to Winter (1994), one category per sentence
can be coded for each of the three motives. Thus, motive
coding basically takes place at the level of single sentences.

However, there are deviations from this principle. Most no-
tably for this context is the so-called second-sentence rule.
This rule states that the same motive class cannot be as-
signed to two consecutive sentences. Since this rule leads
to an inflation in null-codings, this rule has been ignored by
a large portion of the stories.

The studies used different sets of pictures, including the
standard set of six pictures suggested by Schultheiss and
Pang (2007), some pictures from the classical Thematic Ap-
perception Test (Morgan and Muray 1935), and some new
pictures. Upon publication, the full PSE data base was split
into a public set and a holdout set, with the latter not being
publicly released. We used the public set for training, and
the non-public holdout set as an additional test set.

For both training and holdout set, we removed all sen-
tences with 5 or fewer characters (503 total sentences). We
then removed stories with fewer than 30 words (Smith, Feld,
and Franz 1992). As the unit of analysis in Winter’s cod-
ing system is the sentence, we furthermore removed sto-
ries which had fewer than two sentences. This step removed
1,018 out of 26,376 stories. Furthermore, we removed sen-
tences that were potentially affected by the second-sentence
coding rule (5.8%).

For the training set, we also removed sentences that had
more than one motive category (0.8%) as the classification
algorithm is trained on single motive codings only. In the
holdout set, we did not remove the mixed categories, be-
cause we wanted to keep the real stories for testing. These
selections resulted in a training set of 131,110 sentences in
20,463 stories, written by 3,637 persons, and a holdout set
of 33,546 sentences in 4,892 stories, written by 900 per-
sons. Final class frequencies were: nAff (training: 14.63%,
holdout: 16.89%), nAch (training: 9.65%, holdout: 9.28%),
nPow (training: 13.92%, holdout: 11.69%), null (training:
61.80%, holdout: 58.16%), and mixed categories in the hold-
out set: 3.98%.

The holdout set was additionally translated to English us-
ing DeepL to allow a heuristic test of the multilingual per-
formance of the final model. This was also done to allow for
a fair comparison with Nilsson et al. (2024), who followed
this approach on the same base-dataset to train a classifier
for English texts. Neither the holdout set nor its translation
were used in any way during the training of the model.

Training Procedure

The training process was split into two sequential stages,
closely adhering to the methodology described by Tunstall
et al. (2022). This approach initiates with the contrastive
fine-tuning of a Sentence Transformer model (stage one),
subsequently transitioning to the training of a classification
model leveraging the refined embeddings (stage two).

Stage one involved a contrastive fine-tuning procedure ap-
plied to selected Sentence Transformer models. The candi-
date models were on the one hand a selection of well-tested
models published by the authors of the Sentence Trans-
formers library (Reimers and Gurevych 2020) and on the
other hand models that performed well on the MTEB bench-
mark suite for multilingual classification (Muennighoff et al.



Text Coded Motive
Frederike carries out her experiment routinely and secures her 1st place again. nAch
The two are sitting in a restaurant and look happy . nAff
M}cha@:l knpw that his Worst.enerpy, the well-known mafia boss Luigi, had boarded nPow
this ship, his last chance to wipe him out once and for all.

Next he will land roughly on the ground. null

Table 1: Translated example sentences from the dataset published by Schonbrodt et al. (2021). The Coded Motive column

indicates the motive assigned by the expert coders.

2023). For the whole list of candidate models, see Appendix
1.

This fine-tuning-procedure aimed at enhancing the
model’s understanding and encoding of complex sentence
structures specific to motivational imagery within the PSE
narratives. The models were trained to generate closely
packed embeddings for sentences with similar motive codes
while distancing embeddings for sentences of differing mo-
tives. This was done by using pairs of sentences from the
training set to maximize the cosine similarity between the
embeddings of sentences with the same motive class and
minimize it for sentences with different motive classes. This
paradigm is meant to greatly reduce the amount of necessary
labeled data, since it effectively uses each sentence n — 1
times instead of once, where n is the number of sentences in
the set.

In this first stage, we trained on randomly sampled subsets
of varying sizes from the training dataset. A hyperparameter
defined which stratifying variables to use in sampling, rang-
ing in value from one to six. A value of one indicated that
only the ‘motive class’ was used as a stratifying variable,
while a value of two included both ‘motive class’ and “pic-
ture ID’. Higher values incorporated additional variables in
this order: participant gender (3), participant age group (4),
the study ID (5), and the coding lab (6). Thus, the motive
class was always part of the stratification, and the other five
variables could be optionally added. Stratifying for the tar-
get (in our case, the motive class) has been shown to im-
prove cross-validation results (Kohavi 1995). The other pos-
sible stratifying variables were chosen and ordered based on
their plausible potential to influence the sentence structure
and content related to motivational imagery within the PSE
narratives. The size of the subsets sampled from the train-
ing set ranged from 1 to 5 sentences for each combination
of stratifying variables. This number of sentences was also
determined by a hyperparameter. If there were fewer sen-
tences available for a given combination than required, the
sentences of this combination were oversampled to fulfill the
target size. If a combination was not present in the training
set, it was ignored.

The fine-tuning phase utilized the Tree-structured Parzen
Estimator (TPE) algorithm as implemented in Optuna
(Watanabe 2023) for hyperparameter optimization. The TPE
algorithm was employed to search through a predefined
space of possible hyperparameters, with the objective of
finding the combination that yielded the best performance

on a validation set'. The validation set was randomly sam-
pled from the prepared training set according to the same
stratification procedure as described above. It was made sure
that the validation and training sets did not overlap. In cases
where all available sentences for a given combination of
stratifying variables were included in the training set, the
combination was omitted from the validation set. For the
complete set of hyperparameters tuned, see Appendix 1. The
training was implemented using the HuggingFace Sentence
Transformers library (Reimers and Gurevych 2019) and set
to save the best model according to the performance on the
validation set. The F1-score of the cosine with an automat-
ically found threshold was used as the metric for evalua-
tion and as the hyperparameter optimization target. The best
model trained using this procedure was then employed to
embed the complete training set as well as the holdout set
and its English translation.

Stage two used the embedded training set to train
multilabel-classification models. These models predicted for
each sentence, whether it contained imagery relevant to
nAch, nAff, or nPow, or if it contained no motive-relevant
imagery at all. All trained classification heads consisted of
a OneVsRestClassifier as implemented in scikit-learn (Pe-
dregosa et al. 2011) with one of a series of possible clas-
sifier models as its estimator. The classifier models, along
with their associated settings, were determined using again
the TPE algorithm, as implemented in the Optuna library.
Notably, we employed a hyperparameter to determine the
motive class weighting strategy during training. This strat-
egy was selected to allow the model to adjust its emphasis
on different motive classes and compensate for the signifi-
cant motive class imbalance within the dataset. By adjusting
the weight each motive class was given during training, the
model could better handle imbalance and improve predic-
tion accuracy across all motive classes. For the complete list
of hyperparameters and their ranges as well as further de-
tails on the configuration used during training, please refer
to Appendix 2.

Ten-fold cross-validation (CV) was employed to train and
evaluate the models. The separation into folds was con-
ducted at the person level, ensuring that no sentences writ-
ten by the same individual appeared in both the training and

'In this context, validation set refers to the dataset used to cal-
culate hyperparameter optimization targets. Thus, the term does not
refer to the psychological quality criterion of validity.



evaluation set of a fold. The folds were stratified according
to the uncorrected motive score of a person, their age group,
gender and the lab that coded the sentences.

Performance evaluation

Two evaluation performance metrics - one at the sentence
level and the other at the person level - were each aver-
aged over all 10 folds, and both were used as optimization
targets for hyperparameter tuning: As a metric on sentence
level, the average F1-score was chosen. This score was cal-
culated as the weighted average of the four F1 scores, which
were determined based on the true and false predictions
for each of the four classes (nAch, nAff, nPow, Null) com-
pared to the others on a per-class basis. For the evaluation at
the person level, we first calculated the so-called corrected
motive scores, i.e., the aggregated value of a person’s im-
plicit motive strength based on all stories they wrote. Next,
for each motive class separately, we computed the correla-
tion between the predicted and true corrected motive scores
(nAch, nAff, nPow). Finally, we averaged the three motive
correlation coefficients. The Null-class was left out in this
step, since it proved to be inflated for nearly all trained
models. We employed the correction-procedure described in
Schonbrodt et al. (2021) to calculate the corrected motive
scores and applied this procedure both for the motive class
probabilities predicted by our model and the motive classes
coded by the expert coders (i.e., the true motive classes).
This procedure aims to correct for the positive correlation
between motive sum scores and story length (Pang 2010) by
conducting the following steps:

1. Summation of predicted motive probabilities (model-
prediction) and summation of expert-coded motive cod-
ings separately for each motive.

2. Robust regression for each implicit motive of the sum
scores from step 1 divided by 1,000 on word count per
subject (In our case, the Imrob-implementation of the
extended method suggested in Koller and Stahel (2011)
from the robustbase-R-package (Maechler et al. 2024)
was used.)

3. Extraction of residuals as corrected motive scores per im-
plicit motive

We used the Optuna implementation to determine all
Pareto-optimal runs. Of those, the final classifier settings
were selected based on the mean of the Fl-score and the
mean correlation, both scaled so that the maximum value
reached in the Pareto-optimal runs was equal to one. The
settings with the highest mean of these two scaled metrics
were chosen as the best performing model and a final classi-
fier was trained using these settings on the full training set.

While optimizing the model for agreement with expert
coders - more specifically in terms of the correlation be-
tween predicted and coded motive scores - it is important to
establish what constitutes a satisfactory level of agreement.
Guidelines suggest that a minimum of 85% category agree-
ment with precoded examples during training is required, as
outlined by Winter (1994). To contextualize this benchmark
using Pearson correlation metrics, Schultheiss (2013) pro-
vides relevant data, reporting inter-coder correlations of .79,

.74, and .86 for nPow, nAch, and nAff, respectively. These
correlations were achieved after the coders were trained in
a joint lab with common practices and (implicit and ex-
plicit) coding norms. Similarly, Schultheiss, Liening, and
Schad (2008) reported inter-coder correlations of .86, .70,
and .81 for the same motive domains and the same coder-
training procedure. Taken together, these findings suggest
that among human coders, Pearson correlations of .70 or
higher are typically expected, with values rarely exceeding
.85.

Since these correlations are achieved under quite optimal
conditions, they may not be indicative of agreement after
coder drift has occurred. Phenomena like coder drift lead to
declining agreement, as does the presence of coders from
multiple labs (who never coded jointly or were calibrated in
any way) in the data set. Realistically, expectations for inter-
coder correlations are likely lower, especially if the coders
have not been trained in the same laboratory. In sum, a model
that reaches the values typically reported for human coders
demonstrates good performance.

Pang and Schultheiss (2005) and Schultheiss and Pang
(2007) additionally suggest one-way random effects intra-
class correlations (ICCs) for the evaluation of model perfor-
mance. However, we argue that this measure is not entirely
valid for the motive scores generated by our model. Our mo-
tive scores are calculated based on the class-probabilities of
the motives while the codings generated by human coders
are binary ratings per sentence (i.e., motive class present or
not). Since the type I ICC is highly sensitive to mean level
differences between coders, this measure might skew the re-
sults. Transforming the probabilistic output into a binary rat-
ing by setting a threshold at .5 would be an option to trans-
form the probabilities to be usable in the ICC-calculation.
But Nilsson et al. (2024) and previous unpublished trials at
training an automated coding solution we ran showed that
using the summed probabilities resulted in more reliable es-
timates for the motive scores than the transformed binary
ratings.

As an additional measure of the validity of the models’
predictions, we computed Standardized Root Mean Square
Residuals (SRM R). This measure indicates the deviation of
two correlation matrices, in our case the intercorrelations of
the scores for the three implicit motives. Ideally, automated
coding reconstructs the motive intercorrelations from man-
ual coding, where lower S RM R values are better.

Lastly, to gauge the criterion validity of the automated
codings, we examined whether there are differences in affili-
ation motive strength between female and male participants.
Meta-analytic findings show that after word count correc-
tion, women have higher motive scores in the implicit affili-
ation motive than men. Drescher and Schultheiss (2016) re-
port an average Cohen‘s d = 0.45;95% — C'I = [0.37,0.53]
for this effect. Accordingly, we computed the standardized
mean difference (Cohen’s d) between women’s and men’s
affiliation scores obtained using the AMC as the gender ef-
fect performance measure. Effects should be comparable to
those found in the human codings and to the literature.

To benchmark our best model against the approach pub-
lished by Nilsson et al. (2024), we employed both their mod-



els for English and German texts on our holdout set and
its English translation. Performance was evaluated using the
just discussed measures, providing a direct comparison of
our model’s efficacy against the classifiers trained by Nils-
son et al. (2024), both their approach based on the GBert-
embeddings and the RoBERTa-embedding based approach.

Results

Remember that the primary training target for all models
was the sentence-level prediction of motive class. Notably,
the best embedding model (i.e., after stage 1 of the Tun-
stall et al. 2022 approach) reached a cosine-based F1-score
of .61 on the randomly sampled validation set. Thus, even
without a classification model, the performance was already
quite impressive. This embedding model was based on the
multilingual-e5-large-variant of the architecture presented in
Wang et al. (2024) with the contrastive loss function imple-
mented in the Sentence Transformer library (Reimers and
Gurevych 2019). All settings can be seen in Appendix 1.

The final combination of embedding-model (stage 1) and
classifier (stage 2) performing best in the hyperparameter
optimizations achieved an average Fl-score of .77 on the
train folds and an average F1-score of .77 on the validation
folds. This result was reached with an Elastic Net classifier
with stochastic gradient descent learning as implemented in
scikit-learn. For alle other settings, see Appendix 2. Impor-
tantly, the model also performed well on the holdout set (F1:
.76) with only slight decreases in performance for the trans-
lated holdout set (F1:.73).

On the person level, our best model reached correlations
between model- and human-coded motive scores of on av-
erage r = .71 for nAch, » = .83 for nAff and r = .76
for nPow over all ten validation folds. The findings for the
holdout set and its translation are in a comparable range (see
Table 2).

As reported in the Methods section, we used, next to the
aforementioned correlations, two additional metrics as indi-
cators for model performance on the person level.

First, we calculated the SRM R for all datasets to test
whether our automated coding approach resulted in a devia-
tion in the intercorrelations between the model-coded and
the human-coded implicit motive scores. As example we
show the intercorrelations for the holdout set in Table 3. The
table shows only minor differences in the intercorrelations
for all motive scores.

These matrices were used to calculate the SRM R as the
square root of the mean of the squared differences of the
matrices. The SRM Rs were the highest on the translated to
English holdout set (SRM R = .0626) with SRM Rs for
Train, Validation and German holdout set of .0159, .0490,
and .0430, respectively.

In addition, we calculated Cohen’s d as a measure of the
gender difference in the motive score for affiliation. The re-
sults for the gender differences found in the training and
holdout sets are shown in Table 4. Women showed a higher
implicit affiliation motive than men in all datasets, ranging
from d = 0.39 to 0.57 with the largest effects in the holdout
set (d = 0.53) and its translation (d = 0.57). Interestingly,

all effect sizes, except for the average of the validation folds,
are larger for the automatically coded motive scores than for
the ones coded by humans.

Comparison to previous approaches

We compared the performance of our model on the holdout
set to that of the GBERT and RoBERTa models published
by Nilsson et al. (2024). Since the GBERT model is ex-
clusively trained for German texts and the ROBERTa model
for English texts, we applied the GBERT model only to the
original German holdout set and the RoOBERTa model to the
translated-to-English holdout set. All model predictions for
the models published by Nilsson et al. (2024) were calcu-
lated using the R-script presented in their paper. To simplify
comparison, we only calculated motive scores for sentences
present in both the English and the German set coded by
both models published by Nilsson et al. (2024), which is a
subset of the data presented above.?

The results on both holdout sets are presented in Table
5. Our model surpasses the performance reached by the
GBERT model on all motive scores for the German holdout
set. This effect is less clear for the holdout set that was trans-
lated to English. Here, the RoOBERTa model reached slightly
lower correlations than our AMC for all motive scores ex-
cept for nPow, where no substantial difference can be seen.

Our model additionally generates closer intercorrelations
as measured in the SRM R, both on the German holdout set
(SRMR = .04 for our model vs SRMR = .11 for the
GBERT approach) and the translated-to-English holdout set
(SRMR = .06 for our model vs SRM R = .08 for the
RoBERTa approach).

The gender effect measured as Cohen’s d of the differ-
ence in the affiliation motive score between women and
men is slightly higher for the models published by Nilsson
et al. (2024), both on the German holdout set (d = 0.53,
95% CI [0.39, 0.67] for our model vs d = 0.65, 95% CI
[0.50, 0.79] for the GBERT approach) and the translated-to-
English holdout set (d = 0.57, 95% CI [0.43, 0.71] for our
model vs d = 0.64, 95% CI [0.49, 0.78] for the RoOBERTa
approach).

To test for differences in inference time, we repeatedly
ran our model and both models published by Nilsson et al.
(2024) on a virtual headless ubuntu 22.04 LTS private cloud
computing instance with 126 GB of RAM and 64 assigned
virtual cores of an Intel Xeon Processor (Icelake). The in-
stance was additional fitted with two Nvidia A40 graphics
cards. All classifications were run for 25 times for the first
1,000 sentences in the holdout/translated holdout set, both
on GPU and CPU.

Our model took an average of 1.7 seconds (SD =
0.96, min = 1.5, max = 6.4) for the German and an aver-
age of 1.41 seconds (SD = 0.03, min = 1.3, max = 1.5)
of inference time for the English holdout set on GPU.

The models by Nilsson et al. (2024) were far slower, with
runtimes of an average of 304 seconds (SD = 2.97, min =

The reason for this partial selection is a combination of issues
with the DeepL-translation and some data cleaning implicit in the
text package, Nilsson et al. (2024) used to ship their models.



N nAch nAff nPow Null
Train 3298.3"  .71[.69,.73]7 .83 [.82,.84]" .77[.75,.78]" .93 [.93,.94]
Validation 363.2° .70 [.65,.75]" .81[.78,.85]" .78 [.74,.82]" .92[.90,.94]
Holdout Set ~ 900.0 .74 [.71,.77] .79 [.77,.82] .74 [.70,.76] .93 [.92,.94]
Translated g0 94171 771 79076..81] 73 [70..76]  93[.93,.94
Holdout Set . 74 (71,770 79[.76,.81]  .73[.70,.76] .93 [.93,.94]
Note:

95%-Confidence Intervals in brackets.

* Averaged over all folds. Note that due to the stratification on person level, not all folds
consisted of the exact same amount of samples. This was due to some combinations of
stratifying variables being present in few persons, leading to their absence in some of the

training and/or validation folds.

" The correlations and CIs reported for the validation and train folds are those of the runs

with the largest CI out of all ten folds.

Table 2: Correlations between human- and model-coded motive scores on person level. Both human- as well as model-coded
scores were transformed to consider the number of written words in the PSEs as described in the Methods section

Human codings Model predictions

Motive nAff nPow nAff nPow

nAch .03 -.08 .08 -.01
nAff -.34 -31

Table 3: Intercorrelations of the 3 implicit motive scores,
based on human codings and model-predicted probabilities
for the holdout set.

298, max = 309) for the German set using the GBERT
model and an average of 326 seconds (SD = 10.29, min =
318, max = 372) for the RoOBERTa model on the English
set on GPU.

This difference in runtime was even more pronounced
when running on CPU with averages of 13 seconds (SD =
0.72,min = 12,maxr = 15) and 12 seconds (SD =
0.70,min = 11,max = 14) for our model and 2,172
seconds (SD = 33.87,min = 2,113,max = 2,234)
and 4,045 seconds (SD = 40.41,min = 3,985, mar =
4,146) for the models published by Nilsson et al. (2024).

Discussion

We successfully trained an Automated Motive Coder (AMC)
that achieves near-human-level agreement with existing cod-
ings. The AMC comprises a fine-tuned multilingual Sen-
tence Transformer embedding model coupled with a multi-
label classification header. Schultheiss, Liening, and Schad
(2008) and Schultheiss (2013) reported human inter-coder
correlations between .70 and .86. The AMC reached val-
ues that were very close to this range. It is important to
note that these correlations represent a near-optimal con-

d

Human codings  Model predictions
Train” 0.35 0.41
Validation” 0.40 0.39
Holdout Set  0.44 [0.30,0.58]"  0.53[0.39, 0.67]
Translated ¥
Holdout Set 0.44 10.30, 0.58] 0.5710.43,0.71]
Note:
95% CI in brackets.

* Averaged results over the 10 CV-Folds.

T Since the Translated holdout set has the same motive
codings as the non-translated one, the effect-sizes of
the human codings are identical.

Table 4: Gender effect in the affiliation motive over all
datasets.

dition where coders were specifically trained in a joint lab
with common practices and (implicit and explicit) coding
norms. This level of agreement should not be considered
the standard, particularly for our dataset, which involved
sentences coded by multiple researchers from different labs
with potentially varying strategies. Despite this variability,
our AMC achieved a correlation with the human-coded mo-
tive scores of above r = .70 on all datasets, including the
holdout set that was not used for the training of the model.
These results are very promising and likely close to the prac-



German holdout set

Translated holdout set

Motive Score N AMC GBERT AMC RoBERTa
nAch 858 .73[.70,.76] .63[.59,.67] .74[.70,.76] .71].68,.74]
nAff 858 .80[.77,.82] .67[.63,.70] .79[.76,.81] .77 [.74, .80]
nPow 858 .74 [.71,.77] .64[.60,.68] .74[.70,.771 .74[.71,.77]
Note:

95%-Confidence Intervals in brackets.

Table 5: Comparison of the correlation between automatically coded and human-coded motive scores achieved with our model
and Nilsson et al.‘s 2024 GBERT and RoBERTa models, applied to the holdout set and its translation. The GBERT approach is
only used on the German and the RoBERTa approach only on the translated-to-English holdout set.

tical limits of what is achievable.

Our model demonstrated robust performance in predict-
ing human motive codings for texts the model did not see
during training, that were either German or translated-to-
English. By employing the contrastive learning paradigm
outlined by Tunstall et al. (2022), we slighlty improved
upon the accuracy of results reported by Nilsson et al.
(2024) while adding support for the coding of samples from
multiple languages. Importantly, our model is implemented
within the SetFit library and is available on the Hugging-
Face model repository, ensuring it is openly accessible for
application and further research.

In addition to the agreement with human coders, we were
able to reach acceptable levels for the model fit measured as
SRMRs. Furthermore, we could replicate the gender differ-
ence in the affiliation motive reported in the literature, where
women consistently showed higher scores in nAff. This ef-
fect was reported by Drescher and Schultheiss (2016) with
an average Cohen‘s d of 0.45(95% - CI = [0.37,0.53]).
This effect was slightly larger in our automatically coded
motives compared to manually coded ones and the literature,
although these differences remain marginal. Out of all our
tests, these effects were highest for the models published by
Nilsson et al. (2024). Note that although we generally con-
sidered the replication of the well-established gender effect
as a sign of validity, one cannot conclude that “the higher,
the better”. On the one hand, it could be that automated
coding better picks up a true signal; on the other hand, it
could also be that, regardless of the underlying motive, men
and women have differences in linguistic styles which are
more weighted in automated coding. This apparent tendency
of automated coding models to amplify the gender effect
should be the subject of further investigation.

Application of automated coding in practice

Our model outperforms the already impressive results re-
ported by Nilsson et al. (2024) for nearly all performance
measures tested. This improvement was reached by bas-
ing the model on modern embedding models fine-tuned to
pronounce differences between motive-relevant imagery in
the embeddings instead of using general-purpose language
models for the embeddings. Notably, we extended their so-
lution by training a model with a multilingual base, demon-
strating acceptable performance across two languages. Inci-

dentally, our architecture also leads to a significant improve-
ment in inference speed, being up to 300 times faster than
previous methods. While this acceleration is less critical for
traditional, batch-oriented motive coding, it does offer po-
tential for future applications. The increased speed could
potentially allow for the integration of the model into exper-
imental paradigms, enabling the generation of stimuli that
could be dynamically adjusted based on calculated motive
scores.

Nonetheless, the research community has to gain experi-
ences with the new measurement method and yet unknown
problems and boundary conditions of its applicability might
show up. Researchers could reanalyze their existing stud-
ies with the AMC for a retrospective check of its validity,
or do both manual and automated coding for new studies.
When multiple coders are employed in one study, they often
code a subset of the data in parallel to check their agreement.
When sufficient agreement has been demonstrated, they con-
tinue coding separate batches of the stories. A similar rou-
tine could be implemented with the model presented in this
study, to test whether cases arise in which the AMC-codes
deviate from human results.

The python-code-snippet in Listing 1 demonstrates how
the SetFit library and our model can be used for coding
text sections in any language supported by the base model
trained by Wang et al. (2024)°.

Boundaries and limitations

Our model was trained on classical PSE stories, written in
response to a broad, yet limited set of picture stimuli. Al-
though generalization to new pictures is expected to be ade-
quate, caution is advised when applying it to other text gen-
res, such as transcribed interviews or speeches.

Our model inherits its validity and generalizability from
the validity of the human-derived coding system and the
validity of the concrete human codings. The Winter cod-
ing system is based on experimentally derived coding sys-
tems, where groups of participants were exposed to motive-
arousing situations. These studies have been conducted in
certain (Western) cultural contexts with certain picture stim-
uli. Whenever such coding systems are transferred to other

3The HuggingFace repository lists a total of 93 languages as be-
ing supported. A longer tutorial with installation-instructrions can
be found under the link above.



Listing 1: Example on how to use the AMC.

from setfit import SetFitModel

model = SetFitModel.from_pretrained (
"automatedMotiveCoder/setfit"

)

model.predict_proba (
[

"Du schaffst das schon.",
"Tu vas y arriver.",
"Zvladnete.",
"You’1ll manage.",
"Te las arreglards.",
"Saate hakkama."

contexts or languages, their validity should be carefully eval-
vated. Though our model is multilingual in nature, its train-
ing and evaluation were restricted to German or translated-
from-German stories. Therefore, a certain homogeneity in
the motives and language used has to be assumed. It remains
to be tested whether our model can be applied to stories orig-
inally written in other languages than German - especially
since Pang and Schultheiss (2005) could show a significant
difference in motive scores between ethnicities and in com-
parison between German and U.S.-American students.

Conclusion

This study developed an Automated Motive Coder (AMC)
that achieves human-level accuracy in implicit motive cod-
ing using contrastive learning. The AMC demonstrates ef-
fective performance on both German and English texts and
is accessible via the SetFit library and HuggingFace reposi-
tory, with theoretical support for a variety of additional lan-
guages. While promising, further research is required to as-
sess the validity of the AMC across diverse text genres and
cultural contexts. Future studies should aim to examine its
applicability and reliability across various settings.

Appendix 1 - Sentence Transformer
Hyperparameter

For the hyperparameter tuning of the embedding model
(stage 1 of our training), we used the following selection of
candidate base models (all names are also the names of the
corresponding HuggingFace repositories):

¢ intfloat/multilingual-e5-large-instruct (Wang et al. 2024)

* intfloat/multilingual-e5-large (Wang et al. 2024)

¢ intfloat/multilingual-e5-small (Wang et al. 2024)

* shibing624/text2vec-base-multilingual (Xu 2023)

» ISOISS/jina-embeddings-v3-tei (Sturua et al. 2024)

* sentence-transformers/distiluse-base-multilingual-
cased-v2 (Reimers and Gurevych 2020)

* sentence-transformers/distiluse-base-multilingual-
cased-v1 (Reimers and Gurevych 2020)

The training itself was implemented with the
HuggingFace-Sentence Transformers-Trainer-Class
(Reimers and Gurevych 2019) using a setting from the
following space of hyperparameters:

+ Number of train epochs as 10°P°¢"* where epochs is an
integer between 2 and 8

» A per device train batch size of 2treinbatch \here
trainbatch is an integer between 3 and 6

» A per device eval batch size of 2¢valbatch yhere
evalbatch is an integer between 3 and 6

* The trainer s learning rate as a uniformly distributed
float between le — 6 and le — 3

* The ratio of total training steps used by the trainer for
scaling up the learning rate from O to its final value as a
uniformly distributed float between .05 and .4

* The trainer‘s learning rate scheduler, selected as either
“reduce_Ir_on_plateau” or “cosine”

* one of the following two loss functions implemented in
the Sentence Transformers library:
— Contrastive loss as described in Hadsell, Chopra, and
LeCun (2006)
— Cosine Sentence loss as described in Jianlin (2022)
In addition to these model settings, we implemented the
selection of the samples used for training as hyperparam-
eters. For a detailed description of this procedure, see the

Methods section. This sampling strategy was represented as
a set of two hyperparameters:

* The amount of stratifiers used from this list in this order:
motive class, picture ID, participant gender, participant
age group, study ID, and the coding lab

* The amount of sentences sampled per combination of
stratifiers as an integer between 1 and 5

The best performing combination of hyperparameters was

as follows:

* model: intfloat/multilingual-e5-large

* train epochs: 2

* train batch: 6

* eval batch: 5

* learning rate: 0.0009

e warmup ratio: 0.18

* scheduler: cosine

* loss-function: contrastive

* count of stratifiers: 6

* sentences per combination: 5

Appendix 2 - Classifier Hyperparameter

For the training of the classifier (stage 2), we implemented
two general hyperparameters, with one of them selecting the
classifier-model to be trained. Based on this selection, there
was another set of model-specific hyperparameters.

Next to the selection of the classifier-model, we imple-
mented the weighting procedure as a hyperparameter. The
selection was between ‘balanced’, ‘none’, and ‘a bit of null’:



* “balanced” calculated the weights so that each motive Learning Rate: 0.0 to 1.0
class including null was weighed by 1/n4ss — Maximum Depth: -1 to 100
* “none” meant all classes where weighted with 1 Minimum Child Samples: 1 to 10000
e “a bit of null” was an adaptation of the “balanced” Minimum Child Weight: 0.0 to 1.0
weights after we realized the “balanced” weighting to Minimum Split Gain: 0.0 to 1.0
over-zealously punish the Null class. To compensate for Number of Estimators: 10 to 1000
this, the “a bit of null” strategy multiplied the “balanced” Number of L -3 10 100
weight of the Null class by a factor of 1.5. umber of Leaves: o to
Subsample for Bin: 0 to 5000000

We implemented the following models with the hyperpa- o )

rameters listed below as candidate classifiers. Where not in- * Logistic Regression

dicated otherwise, we used the scikit-learn implementation C:0.0t05.0

of the model. Multi-Class: ‘ovr’, ‘multinomial’

¢ CatBoost (Dorogush, Ershov, and Gulin 2018) Solver: ‘Ibfgs’, ‘newton-cg’, ‘sag’, ‘saga’
- Depth: 2to 16 Tolerance: 1e-08 to 1.0
— Grow Policy: ‘Depthwise’, ‘Lossguide’, ‘Symmetric- * Multi-Layer Perceptron (custom implementation using
Tree’ pyTorch)

— Learning Rate: 0.0 to 1.0 Batch Size: 5 to 7

Depth: 0 to 6

Dropout Layers [1-6]: True or False
Dropout Rate Layers [1-6]: 0.01 to 0.99
Epochs: 0 to 6

Gamma: 0.95to 1.0

Learning Rate: le-10 to 0.1

Minimum Delta: 1e-08 to 0.01

Optimizer: ‘adam’, ‘adagrad’, ‘sgd’, ‘adadelta’
Patience: 5 to 10

Regularization Layers [1-6]: True or False
Width Layers [1-6]: 4 to 12

¢ Decision Tree

Criterion: ‘gini’, ‘entropy’
Maximum Depth: 0 to 100
Maximum Features: ‘sqrt’, ‘log2’, ‘none’
Minimum Impurity Decrease: 0.0 to 1.0
Minimum Samples Leaf: 0.01 to 0.99
Minimum Samples Split: 2 to 100
Minimum Weight Fraction Leaf: 0.0 to 0.5
Splitter: ‘best’, ‘random’
* Extra Trees (ETree)
— Criterion: ‘gini’, ‘entropy’ .
— Maximum IgSepth: 0to ?(3)10 * Naive Bayes
— Maximum Features: ‘sqrt’, ‘log2’ — Alpha: 0.0 t0 5.0
Minimum Impurity Decrease: 0.0 to 1.0 * Nearest Centroid
Minimum Samples Leaf: 0.01 to 0.99 — Metric: ‘euclidean’, ‘manhattan’
Minimum Samples Split: 2 to 100
Minimum Weight Fraction Leaf: 0.0 to 0.1

* Passive Aggressive

C:0.0t05.0
Early Stopping: True or False
Maximum Iterations: 500 to 10000
— Alpha: 0.001 to 1.0 Shuffle: True or False
- L1Ratio: 0.0to 1.0 Tolerance: 1e-08 to 1.0
— Tolerance: le-08 to 1.0 Validation Fraction: 0.0 to 0.5
* Hist Gradient Boosting .

— L2 Regularization: 0.0 to 1.0

- Learning Rate: le-08 to 1.0 Early Stopping: True or False

— Maximum Depth: 0to 100 Eta0: 1e-08 to 1.0

— Maximum Iterations: 10 to 10000 Maximum Iterations: 1 to 10000
— Maximum Leaf Nodes: 2 to 100000

Minimum Samples Leaf: 1 to 1000

¢ Elastic Net (implemented as SGDClassifier with ‘elastic-
net’ penalty)

Perceptron
Alpha: 0.0 to 1.0

Penalty: ‘11°, ‘12°, ‘elasticnet’, ‘none’
Shuffle: True or False

Tolerance: 0.0 to 0.1 Tolerance: 1e-08 to 1.0

* LightGBM (Ke et al. 2017) Validation Fraction: 0.0 to 0.5

— Boosting Type: ‘gbdt’, ‘dart’ * Quadratic Discriminant Analysis (QDA)



— Regularization Parameter: 0.0 to 1.0
* Random Forest

— Criterion: ‘gini’, ‘entropy’, ‘log_loss’
Maximum Depth: 0 to 100
Maximum Features: ‘sqrt’, ‘log2’
Minimum Impurity Decrease: 0.0 to 1.0
Minimum Samples Leaf: 0.01 to 0.99
Minimum Samples Split: 2 to 100
Minimum Weight Fraction Leaf: 0.0 to 0.5
— Number of Estimators: 0 to 10000

» Ridge Regression
— Alpha: 0.1 t0 5.0
— Solver: ‘auto’, ‘svd’, ‘cholesky’, ‘Isqr’, ‘sparse_cg’,
‘sag’, ‘saga’
— Tolerance: 1e-08 to 1.0
¢ XGBoost (Chen and Guestrin 2016)

Colsample Bytree: 0.0 to 1.0

Gamma: 0.0 to 100.0

Grow Policy: ‘depthwise’, ‘lossguide’
Learning Rate: 0.0 to 1.0

Maximum Depth: 5 to 100

Maximum Leaves: 0 to 80

Minimum Child Weight: 0.0 to 1000.0
Subsample: 0.0 to 1.0

The settings selected as best were the following:

* weighting-strategy: “a bit of null”
* model: Elastic Net

Alpha: 0.88

e L1 Ratio: 0.21

 Tolerance: 0.11
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