Applying machine learning models in multi-institutional studies can generate bias
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There is increasing interest in deploying machine learning models at scale for multi-institutional studies in
physics education research. Here we investigate the efficacy of applying machine learning models to institutions
outside of their training set, using natural language processing to code open-ended survey responses. We find
that, in general, changing institutional contexts can affect machine learning estimates of code frequencies: either
previously documented sources of uncertainty increase in magnitude, new unknown sources of uncertainty
emerge, or both. We also find an example where uncertainties do not change between the institution used in the
training data and an institution not in the training data. Results suggest that attention to uncertainty is critical,
especially when making measurements of student writing across multi-institutional data sets.
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I. INTRODUCTION

Machine learning methods, including natural language
processing (NLP), may be useful for physics education re-
search (PER) studies that analyze student writing, such as
open-ended survey responses. NLP can unlock the ability to
analyze these rich data sources at scale, across institutions.

Much of the existing PER work has studied individual
institutions one at a time, with over-sampling from institu-
tions that primarily serve white and wealthy populations [1].
The generalizability of PER, therefore, is limited by the lack
of multi-institutional studies and the under-representation of
minority-serving institutions, primarily undergraduate insti-
tutions, and two-year colleges. Analyzing student writing
from many diverse institutions requires a scale that is typi-
cally impractical of human coders. Machine coding may be
used to include more and diverse institutions in PER studies.

The efficacy of using machine learning tools across multi-
ple institutions, however, remains untested. Most PER litera-
ture that evaluates machine learning methods uses data from a
single institution [e.g., 2-7]. Other studies aggregate students
from multiple institutions into a single sample [e.g., 8—10],
without investigating the effects of this aggregation.

Yet in other contexts, there are documented examples of
bias in models when the population under study changes
[e.g., 11]. Tt is therefore reasonable to hypothesize that a
similar bias may arise in multi-institutional machine learning
studies in PER. Here we seek a quantitative way of investi-
gating this hypothesized population-related bias. We define
population-related bias as sources of uncertainty associated
with using machine learning with different student popula-
tions.

We build on prior work investigating two (non-population-
related) sources of uncertainty in machine measure-
ments [12]. The two uncertainties are sampling error and
the linear systematic bias effect (abbreviated LSBE in this
paper). We evaluate population-related uncertainty by study-
ing if any uncertainty remains after accounting for these two
non-population-related uncertainties. In our study, the ma-
chine measurements are estimates of the frequency of a code
in a sample, denoted E¢, rather than individual assessments,
because we are studying bias on the population, not student,
level. An alternate approach would be to hand-code all data
used for a measurement to check machine against human
measurement, but this defeats the intended purpose of us-
ing machine learning for efficiency at scale. We aim to limit
hand-coding to the minimum amount needed to train a model
and to evaluate uncertainties.

The first source of uncertainty, sampling error, is the nat-
ural variability associated with the fact that a given sample
is finite. Given a frequency estimate E¢, the standard devi-
ation o, describes the spread in repeated measurements of
E¢. Without the ability to take repeated measurements, the
exact value of the sampling error o g, is hidden. In the case
of binomial data (e.g., applying binary codes to short survey
responses), past work has empirically shown that o, can be

145

approximated as:
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where n is the number of responses in a sample [12].

The second source of uncertainty is systematic error in the
frequency estimate F captured by the LSBE. Bias in fre-
quency estimates is not often discussed in machine learning
literature, where the focus is optimizing sets of individual pre-
dictions, not frequency estimates. However, researchers have
documented biases that arise in frequency estimates [13, 14].
Previous work defined this bias as a function of the fre-
quency estimate E¢, computed as S = E¢ — Ep, where
FE'g is the measurement human coders made in the same sam-
ple [12]. They found a negative linear relationship between S
and F¢; the model tended to overestimate for low values of
FE¢ and underestimate for high values of F¢. They also de-
scribe a process to measure the LSBE: hand-code a fraction
of the data, take samples of this fraction of data with vary-
ing Ey, plot S versus E¢ for each sample, and find the line
of best fit (a function of E-). We denote this line of best fit
LSBE(E¢) or LSBE. The parameters of the best fit line
LS BE fluctuate as the samples fluctuate, but the line of best
fit approximates an underlying LSBE.

Our goal is to evaluate the responsibility of making mea-
surements from a multi-institutional dataset using machine
learning. Given these two sources of non-population-related
uncertainty in machine measurement, we seek to under-
stand population-related uncertainties in a multi-institutional
dataset. We are guided by the following research question:
Can we apply the same machine learning algorithm trained at
one institution to data from multiple institutional contexts?

II. METHODS

A. Data sources

We use data from an open-ended survey prompt asking
physics lab students about their peer interactions (adapted
from [15]). Students were asked to “Please list any students
in your physics lab class that you had a meaningful interac-
tion with about course material this week.” For each name
they listed, they were asked in a separate text box, “What
aspects of the lab material did you discuss with this per-
son?” [16, 17]. This question was initially asked only at Uni-
versity 1 (U1). Coder group A developed a coding scheme for
students’ written explanations. They established inter-rater
reliability and applied the coding scheme by hand to the 1216
responses [17]. In this paper we focus on the two most fre-
quent codes: small group work (SGW) and concepts (CON).

The following year, this survey was administered again at
Ul and, for the first time, at three additional institutions. All
four courses in this study are introductory labs at R1 universi-
ties, and U4 is a Hispanic-serving institution. A summary of
the number of responses from each institution is provided in



TABLE I: Data subsets used in the study. N, is the total
number of responses collected at that university and N4 is
the number that were hand coded to use as test data.

Institution Coder group Niotar Niest
Training data University 1 (U1) A 1216 -
University 1 (U1) B 339 68
University 2 (U2) B 80 40
Newdata  {iversity 3 (U3) B 234 62
University 4 (U4) B 476 91

Table 1. Coder group B (a different team of researchers than
coder group A) used the original coding scheme to code a
test data set. We deliberately kept the size of this test data
set small relative to the total number of available responses to
limit hand-coding. Coder group B worked to code in a man-
ner consistent with coder group A, and established inter-rater
reliability on a test data set of 261 unique coded responses
from these four universities.

B. Machine learning methods

We trained a Bidirectional Encoder Representations from
Transformers (BERT) classifier model using the 1216 hand-
coded responses from Ul (coder group A) as training data to
perform the machine coding. We added a 50-neuron classi-
fier layer to the BERT Base (110 parameter) model [18]. The
codes in our coding scheme were not mutually exclusive, so
we trained separate classifier models for each code, such that
one model determined if the SGW code was present and a
separate model determined if the CON code was present. We
balanced the training by weighting the responses in the train-
ing set, as per recommendations in Ref. [12], so that there was
equal probability that a sentence with or without the code (as
determined by the original human coder) would be selected
from a sample of training data.

C. Analysis methods

From the hand-coded test data for each institution, we took
different samples 7 of size n = 15 and evaluated the relation-
ship between the algorithm’s estimate E and the difference
between the algorithm’s estimate and coder group B’s esti-
mate S = E¢c — Epg (as seen in [12]). The samples were
selected such that Ez values were stratified between 0.1 and
0.9, in increments of 0.1. We measured the LSBE by eval-
uating the best linear fit to the data from each institution for
each code. If the best fit line had a negative slope and the data
were largely linear, we inferred that the best linear fit is a rea-
sonable approximation of the LSBE. It is an approximation
of the underlying LSBE because statistical fluctuations in the
data may change the exact parameters of the linear fit.

We expected a sampling error that follows Eqn. 1. One
limitation of the approximation in this equation is that a single
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measurement of Ec may equal 0 or 1 even if Ey is not 0
or 1, especially because our n is small, n = 15. In these
cases, strictly following Eqn. 1 would result in an unrealistic
sampling error of zero. Therefore, we computed the sampling
error in these cases using E¢c = 0.99 (or E¢c = 0.01, which
results in the same sampling error due to symmetry).

Guided by our research question, we sought to evaluate
whether these two uncertainties—the LSBE and binomial sam-
pling error—were similar when applying the machine cod-
ing across institutions. We used a weighted chi-squared
test to evaluate whether the LSBE for Ul, represented by
LSBEy(E¢), fit the other institutional data within uncer-
tainties. The weighted chi-squared test statistic is
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where N is all samples in the plot (adapted from [19]).

The chi-squared test statistic corresponds to the square of
the number of standard deviations between the data points
(Ec,,S;) and the predictions at these points computed by
the best fit function LSBE(E¢ ;). Therefore, if x? < 1,
we interpret this to mean the LS BE function is sufficient to
describe the relationship between E and S, accounting for
sampling error. If x2 >> 1, we interpret this to mean that the
LSBE function is insufficient to describe the relationship,
accounting for sampling error. In this case, either changes
to the LS BE function are required or additional sources of
uncertainty need to be considered.

We test all institutions against the LSBE fit for the test data
from Ul because this was the same institution as the training
data. The LSBE fit for Ul, therefore, provides a measure of
the non-population-related systematic uncertainty associated
with the machine coding. If, from this chi-squared analysis,
we determine that the LSBE and sampling error are sufficient
to describe the uncertainty in machine coding for a particu-
lar data set, we infer that the non-population-related uncer-
tainties sufficiently capture any systematic variability in the
data, accounting for sampling error. This does not mean that
other sources of uncertainty are not present; it just means that
any other sources of uncertainty are small relative to these
two sources of uncertainty. If we instead find that the LSBE
and sampling error are not sufficient to describe the uncer-
tainty in machine coding, we then infer not only that other
sources of uncertainty are present in that data, but also that
these uncertainties are large enough that it is necessary to
change the methods or further investigate the uncertainties.
Analysis code is available on GitHub [20].

III. RESULTS

In this section, we describe the results for the SGW code
followed by the CON code. We will first evaluate the
LSBE for Ul (LSBEy) and then evaluate whether or not
LS BEy; applies to the other institutions.
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FIG. 1: Systematic error vs. computer estimate for the SGW code at each institution. The black line represents the line of
best fit and the black oval is two times the statistical uncertainty. The red line represents the best fit line for the U1 data (first
panel). The chi-squared value reported is the weighted chi-squared between the data and the red line from Ul.

The Ul data has a negative linear trend with best fit line
S(Ec) —0.23FE¢ 4+ 0.21 (denoted LSBEUI,SGW) for the
SGW code (Fig. 1a). This means that if SGW is less com-
mon in a sample, the BERT model tends to over-estimate the
measurement and the magnitude of this overestimating gets
smaller as SGW becomes more common (FE ¢ increases). The
chi-squared value is 0.62, suggesting a good fit to the data
within sampling error and, thus, that the best fit line is a good
approximation of the underlying LSBE for the model. If there
are sources of uncertainty in addition to the LSBE and sam-
pling error, they are not large enough to matter in comparison.

Next, we evaluate if the function LSBEy: sew can be
generalized to other institutions. LSBEy1 sqw fits the data
from U2 well, with a chi-squared value of 0.83 (Fig. 1b).
Additionally, the best fit line for the data from U2 is quite
similar (both slope and intercept) to the parameters for
LSBEy1,sqgw. Almost all points fall within two uncertainty
intervals of the respective best fit line for Universities 1 and 2
(black ovals; Figs. 1a and 1b). Any uncertainties in addition
to LSBE and sampling error must be small in this case.

The data from Universities 3 and 4, in contrast, are not well
fit by LSBEy1,sgw. The best fit line for U3 data is steeper
and has a much higher intercept compared to LSBEy 1 saw
(Fig. 1c). The chi-squared value between the U3 data and
LSBEy: sqw is 2.17, suggesting concerns with fit. This
chi-squared value may also be an underestimate because we
were not able to obtain as many samples in the region of
greatest disagreement between the two lines (E-<0.4). The
best fit line for U4 is slightly steeper than LSBEy saw
and has a much higher intercept. The chi-squared value be-
tween the data and LSBEy; sqgw is 5.47, suggesting a poor
fit (Fig. 1d). Both of these fits indicate that the underlying
LSBEs for U3 and U4 are different than LS B Ey1 saw. Ad-
ditionally, there are many samples that do not fall within two
uncertainty intervals of the respective best fit line in both Uni-
versities 3 and 4 (black ovals; Figs. 1c and 1d). Together, this
evidence suggests the presence of additional sources of un-
certainty, beyond the LSBE and sampling error.

We now turn to the CON code as another example. Again,

the Ul data has a negative linear trend, now with best fit
line S(E¢) = —0.58E¢ — 0.08 (denoted LSBEy1,con)
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and almost all data points below the S = 0 line (Fig. 2a).
This means that if CON is less common in a sample, the
BERT model tends to underestimate the measurement and
the magnitude of this underestimate gets larger as CON be-
comes more common (FE¢ increases). The chi-squared value
is 1.62, greater than 1, suggesting uncertainties in addition
to the LSBE and sampling error. In particular, some data
fall outside of the sampling error of the best fit line (black
oval; Fig. 2a), which we will investigate in future. For now,
LSBEy1,con may be an acceptable approximation of the
underlying LSBE because these outliers lie both above and
below the oval.

Next, we evaluate if LSBEy1,con can be generalized to
other institutions. We could not evaluate the CON code for
U2 as it is less frequent than SGW and we had insufficient
test data (Table I). Figure 2 shows that LSBEy; con does
not fit the data from Universities 3 and 4. LSBEy1,con
has a chi-squared value of 6.75 when used to model the
U3 data (Fig. 2b). The slope of the best fit line for U3
is slightly steeper and the intercept is more negative than
LSBEyi,con. LSBEy1,con has a chi-squared value of
4.44 when used to model the U4 data (Fig. 2c). The in-
tercept of the best fit line for U4 is more negative than
LSBEyi,con, though the slopes are similar. Both insti-
tutions have samples far enough away from their respective
lines of best fit (points outside the black ovals) to suggest that
additional sources of uncertainty—beyond sampling error and
LSBE-are at play, even more so than we saw with U1 (Fig. 2).

IV. DISCUSSION

We have found that applying models to new institutions
without retraining can miss sources of error. In some con-
texts this can result in biased conclusions. Our data show
that it could be responsible to use this BERT model to make
measurements of the SGW code on the data from Ul and
U2. The LSBE function, accounting for sampling error, suffi-
ciently described the relationship between .S and E¢ for those
two institutions, indicating that the non-population-related
sources of uncertainty are likely the major sources of uncer-
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FIG. 2: Systematic error vs. computer estimate for the CON code at each institution.The black line represents the line of best
fit and the black oval is two times the sampling error. The red line represents the best fit line for the U1 data (first panel). The
chi-squared value reported is the weighted chi-squared between the data and the red line from Ul.

tainty in the machine coding. Our analysis, however, sug-
gested there are additional sources of uncertainty when apply-
ing the SGW code to data from Universities 3 and 4 and the
CON code to data from Universities 1, 3, and 4. Therefore, it
would be irresponsible to make measurements for these codes
at these universities without additional work to understand or
eliminate these uncertainties. We elaborate on these findings
below and identify recommendations for future work.

First, our analyses suggest that changing institutional con-
text may change the underlying linear systematic bias effect.
We saw one example (U2, SGW code) where the equation for
the LSBE was essentially unchanged from U1 (Fig. 1b). For
the other two institutions, the LSBE from U1l was not suffi-
cient to account for systematic errors in machine coding of
SGW (Figs. Ic and 1d). In particular, the best fit line param-
eters changed for Universities 3 and 4; the intercepts moved
away from zero and the slopes became steeper. The magni-
tude of systematic error, in general, got worse. We would
need to analyze aspects of the populations from each institu-
tion to understand what factors contributed to LSBEy1 sagw
applying to some datasets and not others.

In addition to the changes to the LSBE parameters, we ob-
served samples that were more than two standard sampling er-
rors away from the linear systematic effect (some data points
are outside the black ovals and the linear fits do not neces-
sarily represent the data). This suggests the presence of addi-
tional uncertainties not accounted for by the paradigm laid out
in prior work [12]. We consider two possible explanations.

First, the additional variance in machine measurement may
be because of features in the data at these institutions that
were missing from the training data. For example, students
in different instructional contexts may have identified ways
of discussing small group work (SGW) that were not repre-
sented in the U1 data. Second, factors other than institutional
context may have led to this additional uncertainty. Many
samples of the CON code from Ul, for example, also fell
outside two standard sampling errors from the line of best fit
(Fig. 2a), despite being from the same institution as the train-
ing data. Possible explanations include the change in year be-
tween the training and test data or the change in coder group.
In some cases, this additional variability may be systematic
and not random. For example, more samples fall below the
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oval than above the oval for the U3 CON code data (Fig. 2c).
We would need to analyze the responses in more detail, not
blind to institution, to disentangle these effects.

It is not necessary to understand every potential source of
uncertainty if the uncertainty can instead be sufficiently re-
duced. For example, we could have coder group B recode
the training data for the CON code to eliminate the poten-
tial effect of coding group on the uncertainty. Alternatively,
we could retrain the model with samples from each institu-
tion to reduce the effect of instructional context on the uncer-
tainty. Each of these place limitations on the scalability of
machine coding. Ultimately, it is important to check if a ma-
chine learning algorithm trained at one institution and coded
by one group of researchers can be responsibly applied to new
populations of students without additional human coding.

V. CONCLUSION

We have found that uncertainties can arise when applying
machine learning models to different institutions. We expect
that similar uncertainties also exist in coding schemes applied
by humans. Similar methods could be used in future to eval-
uate such biases.This analysis could complement or replace
the calculation of reliability metrics (e.g., Cohen’s kappa) be-
cause these metrics do not reveal the direction of discrepan-
cies (if a measurement will be over- or under-estimated), only
the presence of discrepancies. Relying on human coding in-
stead of machine coding is not a solution to the problem of
systematic bias. We encourage all researchers to carefully
consider sources of uncertainty in all studies.
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