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Abstract: A reanalysis of data drawn by Hartshorne, Tenenbaum, and Pinker (2018)
from two-thirds of a million English speakers showed that their overall conclusion of
one sharply defined critical age at 17.4 for all language learners is based on artificial
results. We show that instead of a discontinuous exponential learning with sigmoidal decay (ELSD) model, a continuous ELSD model had a better fit when applied separately to
monolinguals, bilinguals, and early immersion learners. Only for nonimmersion learners and later immersion learners did a discontinuous ELSD model have a better fit,
with a critical age of 18.6 and 19.0 years of age, respectively. These age effects can be
interpreted as schooling effects. We suggest that personal and societal factors, including differences in living circumstances and socialization, may bring about age-specific
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discontinuity patterns in language learning and in language learning rate. The implication is that they are not the outcome of cognition-driven developmental factors leading
to one or more critical periods.
Keywords L2 acquisition; critical period; language acquisition

Introduction
It is now more than half a century since Lenneberg (1967) published his seminal work on the critical period hypothesis. During that period, more than 240
scientific publications have been dedicated to this crucial issue.1 Although various formulations of this hypothesis have been proposed, differing in many
nuances, the central core is the existence of a less or more constrained optimal time window that allows learners to reach nativelike levels of proficiency.
Beyond this time window, it is argued, reaching nativelike levels becomes extremely difficult, if not impossible.
A recent study by Hartshorne, Tenenbaum, and Pinker (2018), henceforth
HTP, identified one sharply defined critical age of 17.4 years followed by a
continuously declining language learning rate thereafter. This conclusion appears impressive, for at least five reasons. First, the critical point of 17.4 years
that they identified appeared to pertain across all types of language learning:
monolingual or bilingual, immersed or instructed, early or late. Furthermore,
the same claim was applied to their finding of a declining learning rate after
the critical age: this too was found to be independent of the type of learning.
The second reason is the amount of data, drawn from almost two-thirds of a
million language users who did the same grammaticality judgment test on English: a sample size that is unprecedented. The third reason is that HTP applied
a relatively new, powerful computational algorithm called DEoptim (DE = differential evolution; Mullen, Aridia, Gil, Windover, & Cline, 2011), in order to
estimate decay in language learning rates in their exponential learning with
sigmoidal decay models (ELSD), both of which are explained further below.
The fourth reason is that HTP put forward rate of learning—and not ultimate
attainment—as the decisive parameter in determining critical age. Although
this approach is not unique (see Krashen, Long, & Scarcella, 1979; Snow &
Hoefnagel-Höhle, 1978), it deviates substantially from the bulk of studies on
the critical period hypothesis, which use the attainment scores or ratings of native speakers as decisive yardsticks. The fifth reason is that the model selected
had a remarkable amount of explained variance of no less than 89%.
Despite our acknowledgement of the positive aspects of HTP, we nevertheless felt it to be necessary to challenge their conclusion that there is one overall
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sharply delineated critical age in language learning. We have two main objections. The first is that HTP defined a continuous learning rate model (see their
figure S2, p. 2; S indicates Supplementary Information), but they did not report
any outcomes for this model. The occurrence of a discontinuity is a crucial argument in their positive evaluation of the critical period hypothesis. A proper
evaluation includes, in our view, comparing the fit of a continuous model with
the fit of a discontinuous model.
Our second objection is that they combined four clearly distinct language
learner groups in one comprehensive analysis, without carefully checking
whether the relationship between age of acquisition and language learning rate
is similar in all these groups. To handle group differences, they used the E
parameter in their decay model. They called E the experience discount factor,
with different scale values for the four different speaker groups: (a) monolinguals; (b) bilinguals, with an age of onset of 0 years of age; (c) later immersion learners (henceforth immersion learners), who started learning English
from age 1 year onwards; and (d) nonimmersion learners, who learned English at school in a non-English-speaking country. Combining different groups
can be advantageous, but not when the explanations for the different findings
for each group are distinct. The issue here can be illustrated by Simpson’s
paradox, about associations or relationships that can be found to be entirely
different depending on the level of analysis: a paradox that warns researchers
that causal inferences in nonexperimental studies are hazardous when investigating associative patterns in different groups. We wanted to test whether the
four groups are different beyond the E parameter put forward by HTP. Our
expectation was that not all groups would fit a discontinuous model.
It is of interest that HTP’s conclusion opposes those of two recent overview
articles. Mayberry and Kluender (2018) reviewed research on maturational
constraints on the capacity to learn languages. They concluded that the age-ofonset effects are substantially different in first language (L1) acquisition from
those in second language (L2) acquisition. Delayed L1 acquisition shows that
there is a critical period at very young ages. This critical period is not present
or traceable in the HTP data. Mayberry and Kluender (2018) concluded that
delayed L1 acquisition is much more pervasive and destructive than whatever
critical period in L2 acquisition may exist. In addition, they noted that a critical
period occurs at a much later age in L2 acquisition than in L1 learning. Abrahamsson, Hyltenstam, and Bylund (2018) presented an extensive overview of
research on age of onset and ultimate attainment in acquiring a L2, in order
to investigate the critical period hypothesis for L2 acquisition. They observed
discontinuities at two cutoff points: 6−7 and 12−13 years of age at onset of
3
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acquisition. Both overview studies mentioned other critical periods and pointed
out fundamental differences between learner groups.
Finally, before presenting our own analyses, two additional points need to
be raised. The first concerns the validity of a written grammaticality judgment test taken on a computer to measure language proficiency. This point was
addressed by HTP, who explicitly discussed the way this grammar quiz, as they
called it, was constructed. They referred to the high reliability of this language
quiz (Cronbach’s alpha = .86), but they did not discuss its validity in great
detail. They mentioned that the whole quiz could be done within 10 minutes,
a time limit that they considered to be important in keeping participants motivated. There was no real time limit on doing the quiz. Their reliance on such a
test is not unusual. Plonsky, Marsden, Crowther, Gass, and Spinner (2019) recently found that L2 research in general relies very (and, arguably, too) heavily
on acceptability or grammaticality judgment tests, given certain well-founded
concerns about their validity. Nevertheless, many relevant papers on the critical period hypothesis apply a grammaticality judgment test as a proficiency
measure (e.g., DeKeyser, Alfi-Shabtay, & Ravid, 2010; data reanalyzed by
Vanhove, 2013). The grammaticality judgment test as employed by HTP is
akin to a metalinguistic awareness test (Loewen, 2009; Vafaee, Suzuki, &
Kachisnke, 2017). Although various objections can be raised to the grammaticality judgment test, the main aim of our contribution is to prove that, even if
this test is accepted as a valid grammatical proficiency test, HTP’s conclusion
about an overall critical age is not warranted by their own data.
Second, HTP introduced a new computational model (ELSD) and a parameter optimization algorithm (DEoptim). DEoptim is a powerful optimization
procedure to trace optimal model parameters. HTP decided to use aggregated
data instead of individual data.2 The authors used age bins of 3 years for the
immersion learners and of 1 year for the other learner groups (see the curves in
Figure 2 in our Results section, and HTP’s figure 4). The advantage of DEoptim
is that complex nonlinear models can be implemented that account for changes
in rate of learning. Regression analysis, including mixed regression and breakpoint regression, is an alternative, but in its basic form it lacks sensitivity in
tracing critical period or critical age boundaries in language acquisition (see
Vanhove, 2013, for the application of a regression approach to trace critical
age in L2 acquisition).
The Present Study
The discussion of a critical period appears to be deeply embedded in different
perspectives on L2 acquisition, and it impinges on fundamental issues, but we
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have mainly restricted ourselves in this contribution to a reanalysis of the HTP
data. First, we explicitly introduced a continuous model in our analyses, to
compare it to HTP’s discontinuous model. Second, we analyzed the four learner
groups separately. We see this separate analysis of groups as a litmus test. If
HTP’s conclusion of a critical age of 17.4 years holds generally, this critical age
should recur in separate analyses of the four learner groups. HTP presented
their finding of a “sharply-defined age boundary” (p. 263) at which the rate
of language learning sharply declines (the discontinuity) as evidence for the
existence of a critical period overall, but they did not discuss the possibility of
a variable critical period in different learner groups.
As the computational and statistical analyses needed to evaluate these issues are not commonly used in research on language acquisition, we first provide an explanatory note on some essential technical and mathematical aspects
of these analyses that have driven our study.
Explanatory Note About Computational Models
HTP start by depicting linear models for how language learning ability might
change with age, in the first four panels of their figure 1 (p. 264). Model D is
the simplest, with a constant, nondecreasing ability plotted against age. As an
analogy, consider the simple formula for the outcome “distance travelled” (d),
which is velocity multiplied by time (v × t), with a plain outcome when velocity is constant. Similarly, if we would take acquired proficiency g (grammatical proficiency), we might define this as rate (learning ability) × t (time), with
rate being constant. However, rate (or velocity) itself may change smoothly
and linearly, as visualized in Panel A of their figure, or abruptly, as visualized
in Panels B and C. The most important feature of those figures is that they
distinguish rate (or velocity) as a fundamental, interpretable property. In Panels E–H in figure 1, HTP then present graphs in terms of ultimate attainment
(y-axis) plotted against age of first exposure (x-axis); these graphs resemble
those seen in other publications (see Birdsong, 2006, and Vanhove, 2013, both
presenting panels with ultimate attainment on the y-axis). How can we calculate changing rates in learning and their impact on the outcome of g? When
time is the years between current age and age of first exposure, we need to
integrate (a mathematical operation) the time variable to establish the relationship over time between rate and proficiency (see equation 1 on p. 268 of HTP).
We do not explain this mathematical operation in further detail.
How does the intuitive difference between rate and ultimate attainment,
outlined above, relate to the ELSD models that were used to model growth and
decay in rates of learning applied by HTP? The common growth models are
5
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exponential, a property known to a wider audience nowadays through the figures on the spread of COVID-19. When rate increases, growth curves accelerate. The opposite effect is established by a shrinking rate. Growth models can
have different mathematical forms depending on the type of growth pattern
they aim to cover. The logistic model is the best-known mathematical form
of the so-called exponential sigmoid(al) functions (algebraic functions that
give “S-shaped” curves with one inflection point). Many growth processes exhibit changing rates of exponential growth, until they reach an inflection point,
where the rate of growth decelerates. Examples include population growth, human learning, and language change. A linguistic example of S-shaped growth
curve analysis is provided by van Veen, Evers-Vermeul, Sanders, and van
den Bergh (2009), who investigated the development of causal connectives
in L1 acquisition. Decay models are the inverse of growth models. The decay
model of procedural memory potential presented by Abrahamsson et al. (2018,
figure 1.5, p. 42), illustrating age differences in language learning, is strikingly
similar to the continuous models we used in the current study.
What complications did HTP have to face in applying ELSD models? They
had data about proficiency level (g), the start of the learning process (time of
exposure), and the current age of the participants, but they needed a mathematical model to estimate a series of unobserved, hidden parameters (HTP, p. 268:
learning rate, differences between learner groups [experience discount factor],
shape parameters of the sigmoid function). In addition, they wanted to determine an age boundary, the critical age, at which the rate shifts (expressed by
two different mathematical functions, one applying before and the other applying after the critical age; see equation 2 on p. 268 of HTP). Straightforward
mathematical estimations of the underlying parameters are impossible in this
situation. They therefore used a powerful computational algorithm to estimate
the parameters they needed. This algorithm, called differential evolution (DE),
optimizes predefined mathematical functions (see, for example, RodriguezMier, 2017; for an application of this algorithm to biological growth, see Cao,
Shi, Li, & Chen, 2019). It is a successful algorithm for solving nonlinear
optimization problems in computational intelligence research, but also in the
domain of machine and deep learning. After a random start, the algorithm proceeds step by step (iteration after iteration) to find a new and better solution
until an optimal fit is found. This algorithm is powerful in finding optimal solutions for complex functions with continuous parameters, such as age and
language proficiency (the variable g).
Crucial in finding the optimal solutions in the models of HTP is the concept
of ultimate attainment in proficiency. The level of proficiency is considered as
Language Learning 0:0, xxxx 2021, pp. 1–26
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“below native level” (where native level is the maximum score on the outcome measure) if the rate of learning becomes zero before the native level is
reached. The level reached is treated as the ultimate attainment for that particular group of learners. Figure 2 in our Results section (see also figure 4 in HTP,
p. 268) shows lower levels of ultimate attainment in different learner groups.
The attainment is measured in terms of accuracy on the grammaticality judgment test that returns an outcome between 0 and 1, in fact a proportion of
correct answers (g). The figures on accuracy give the logit (or log-odds) of this
proportion: log(p/[1 – p]) (HTP, p. 267). This transformation is typical of logistic regression. It is nowadays the standard way of dealing with proportions in
statistical analysis. A crucial advantage of the logit is that its value may range
from minus to positive infinity.
Method
Data
It is becoming common practice that scientific journals urge researchers to
publish their data, allowing for replication research and reanalysis (Marsden,
Morgan-Short, Thompson, & Abugaber, 2018). The HTP paper meets this new
standard. Their data are publicly available at https://osf.io/pyb8s/. The data
were collected by means of a grammaticality judgment test, which the authors called a grammar quiz, available at http://archive.gameswithwords.org/
WhichEnglish/. The R codes used in the present study (van der Slik, Schepens,
Bongaerts, & van Hout, 2021) are freely available at both IRIS (http://www.
iris-database.org) and the Open Science Framework (https://osf.io/gqm87/).
Participants
For the definitions of the four groups of language learners selected by HTP, we
refer readers to their paper and its Supplementary Information. They can be
briefly described as follows (note that two of the groups, early bilinguals and
later immersion learners, were combined by HTP as “immersion learners,”
whereas we made a different distinction, i.e., between bilinguals and immersion learners):

r
r

7

Monolinguals (n = 244,840), who grew up speaking English only, age of
first exposure (AoE) = 0;
HTP’s “immersion learners” (n = 44,412), including those who acquired
English and another language from birth onwards (AoE = 0; bilinguals in
our terminology), and later learners who spent at least 90% of their life in
an English-speaking country, learning English in that setting from AoE ≥ 1
(immersion learners in our terminology 3 ); and
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Nonimmersion learners (n = 257,998), who spent at most 10% of their life
in an English-speaking country, learning English in a non-English speaking
country from AoE ≥ 4.

More than 100,000 English speakers of the total sample could not be classified as belonging to one of those groups (see Table 2 in our Results section);
thus HTP included in their analysis 547,250 speakers of the two-thirds-of-amillion sample mentioned in the title of their article.
Measures
Grammaticality Judgment Test
HTP took what they called a “shotgun approach” (p. 267) to assess a variety
of syntactic phenomena such as tense, word order, and determiners (see HTP,
p. 267, for a comprehensive description). In total, 35 questions were used, of
which 27 in fact comprised 124 distinct questions, whereas the remaining 8
were in dichotomous format. Of these 132 items, 95 were actually selected
for analysis, based on the criterion that at least 70% of the native Englishspeaking adults gave the same response. A full description of these items and
their coding can be found in the Supplementary Information of the HTP paper.
The test has a high reliability (Cronbach’s alpha = .86). The resulting scores
(proportion correct answers, ranging between 0 and 1), were transformed into
a logit value (log-odds) (Mean = 3.05; SD = 1.02).
Age-related measures
In the analyses, three measures or variables are distinguished in relation to the
age of the participants:

r
r
r

Age of first exposure (AoE), ranging between 0−30 years of age,
Current age, ranging between 7−70 years of age,
Time of exposure, the difference between the two previous variables: current
age – AoE.

Results
We present the results of our reanalyses of the HTP data in two parts. In the
first part we present the outcomes of our replication of the best-fitting discontinuous ELSD model as applied by HTP (see their figure 4, p. 268, and
their figure S6, p. 8) and the outcomes of the best-fitting continuous ELSD
model we found for all four learner groups jointly. In the second part we reanalyze the data for the four learner groups separately, again comparing the
outcomes of discontinuous and continuous ELSD models, and then further
Language Learning 0:0, xxxx 2021, pp. 1–26
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split the immersion learners into an early and a later group. In their equation 2
(p. 268), HTP present two functions to be optimized: (a) a constant rate
from birth to a critical age (tc ) somewhere on the age line, followed by (b) a
sigmoidal changing rate model with rate decelerating to 0. The difference in
rate between the estimates of the two functions may show a sudden drop. This
gives tc two different properties: the switch from a constant rate to a decelerating rate plus the difference in rate at tc (see figure 4 in HTP, p. 268). In a
continuous model, only the second function is activated for the whole timeline.
The sigmoid has two shape parameters, α (steepness) and δ (center sigmoid).
Part 1: All Four Learner Groups Analyzed Together
The first analysis we present is a replication of the discontinuous model that
HTP found to be the best one plus the best continuous model we found when
analyzing all four groups together. The model parameters are given in Table 1.
The Akaike information criterion (AIC; Akaike, 1974) is the most relevant
measure in evaluating the model in question; the lower its value, the better. We
use the relative likelihood4 to evaluate the model fit of the continuous ELSD
model as compared to the discontinuous ELSD model. The research hypothesis
of a sharp age boundary (tc ) is represented by the discontinuous model; the
null hypothesis of no sharp age boundary (tc ) is represented by the continuous
model. The discontinuous model appears to outperform the continuous model
in terms of relative likelihood (the discontinuous model has an extremely high
likelihood value in comparison to the continuous model). The changing rates
of the two models are visualized in Figure 1.
Table 1 Outcomes of the best-fitting exponential learning with sigmoidal decay
(ELSD) discontinuous model and the best-fitting ELSD continuous model for all four
learner groups combined
ELSD model

r

α

δ

Esb Eli

Eni

tc

R2

AIC

Discontinuous .19 .09 −0.44 .63 1.00 .29 18.0 .92 −6,149
Continuous
.16 .24 30.80 .70 .80 .24 1.0 .87 −5,406

Rel. LL of D model
> 105

Note: Number of degrees of freedom of discontinuous model = number of degrees of
freedom of continuous model + 2. The parameters α and δ represent steepness and
center of the sigmoid function. The three E parameters refer to three groups: sb =
bilinguals, li = immersion learners, ni = nonimmersion learners; the E value of the
monolinguals is fixed at 1.00. The parameter tc is the age boundary (critical age). AIC
= Akaike information criterion; rel. LL of D model = relative likelihood.

9
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Figure 1 The learning rates of the best-fitting discontinuous exponential learning with
sigmoidal decay (ELSD) model (left) and the best-fitting continuous ELSD model
(right) for all four learner groups combined.

Before comparing the two models in more detail, we will first discuss the
small differences between the discontinuous model used by HTP and our discontinuous model. The discontinuous model we obtained actually has a slightly
higher R2 value of .92 (HTP found .89). The critical age (tc ) is 18.0 years in
our model and 17.4 in the HTP model. When the number of iterations is 500,
as performed by HTP, the critical age is not reproducible without knowing the
seed (an arbitrary value needed to start the optimization; HTP did not report
this value), and it can vary rather substantially. We did find the critical age to
become stable and reproducible, independent from the factual seed value used,
after 2,500 iterations, with a critical age of 18.0.
The parameter tc (age boundary) in the continuous model is set at 1, to
force a continuous model. The continuous model is a regular sigmoid function,
showing a decreasing rate of learning, starting at .16 and approaching 0 after
50 years of age, after an accelerating decrease between 18 and 40 years of age.
The discontinuous model has three components:5 (a) a constant rate of learning
of .19, up to (b) a critical age at 18.0 years of age with a sharp drop halving the
learning rate, after which (c) a new decreasing rate function gradually becomes
0 at about the age of 60 years.
Although mathematically the discontinuous (= D) model seems to be the
best, there are logical reasons to prefer the continuous (= C) model. The continuous function is easier to interpret than a sudden drop at 18.0 years. It indicates a process distributed over a longer period, and it shows at the same time
that language learning is much faster at a younger age, slowing down when
the learner gets older. It also means that a sharply delineated critical age is not
necessarily required to cover the data and that a decrease in learning rate can be
described as a regularly decelerating process extended over a long time period.
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The initial rates (.19 and .16, for the D and C models, respectively) are the
initial rates for the monolinguals, since they have an E value of 1. The initial
rates for the other groups can be calculated by multiplying the monolinguals’
rates by the values of the E parameter for each of the groups. In Model D,
both monolinguals and immersion learners have an E value of 1. The discount
factor is multiplied by the rate to compute the actual rate of learning when the
input or experience is less than 1. That seems to make sense for the nonimmersion learners (.29) and for the bilinguals (.63), because they both have to
learn two languages, which are in competition. The same value of 1 for both
monolinguals and immersion learners is counterintuitive. Why should immersion learners have a higher rate of learning than bilinguals? This may indicate
a model misspecification. The C model has the logical outcome that all three
learner groups have a value lower than 1.
Because the mathematical analysis and logical analysis of the C and D
models are contradictory and thus inconclusive, it makes sense to see how well
the two models apply to learner groups when analyzed separately. This can tell
us how different the learner groups are in actual fact.
There are two more technical arguments for being hesitant in accepting a
comprehensive model applying to all sorts of learners. First, the data points analyzed (as also done by HTP) are data aggregated by cross-tabulating current
age by starting age of language learning within the four groups that are distinguished. There are 547,288 learners, whose results are aggregated in 1,696 data
points. The advantage is that aggregation produces cleaner and more clear-cut
patterns, leading to much higher R2 values on the aggregated level than on
the individual speaker level. We should not overestimate the meaning of the
artificially high values for R2 in aggregated models.
Second, the number of aggregated data points has an uneven distribution.
All monolinguals and bilinguals start at the age of 0. The data points for these
groups, 64, refer to current age. The nonimmersion learners have many more
data points than the three other learner groups, as can be seen in Table 2. The
consequence is that the nonimmersion learners, being by far the largest group
in number of data points, mainly determine the age boundary found by HTP
and by us in analyzing all learner groups with one comprehensive model.
Part 2: All Four Learner Groups Analyzed Separately
Turning to the next analysis, we present the outcomes for the best-fitting
continuous (C) and discontinuous (D) models for the four separate language
learner groups. The E parameter was fixed at 1, to neutralize and exclude this

11
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Table 2 The number of learners and the number of data points in the four language
learner groups

Language learner group

n of learners in current study (in
HTP)

Monolinguals
Bilinguals
Immersion learners
Nonimmersion learners
Total

244,840
30,347
14,099
258,002
547,288

(244,840)
(unspecified)
(unspecified)
(257,998)
(547,250)

k of data
points
64
64
398
1,170
1,696

Note: Our total number of learners is 38 higher than the number (given in parentheses)
reported by Hartshorne et al. (2018; abbreviated as HTP). The reason for this difference
is unclear.
Table 3 Outcomes of the best-fitting discontinuous exponential learning with sigmoidal
decay (ELSD) model and the best-fitting continuous ELSD model in four groups of
speakers analyzed separately

Group
Immersion
learners
Nonimmersion
learners
Monolinguals
Bilinguals

Model

r

α

δ

tc

R2

AIC

Discontinuous
Continuous
Discontinuous
Continuous
Discontinuous
Continuous
Discontinuous
Continuous

.15
.11
.06
.04
.15
.15
.10
.10

.08
.17
.10
.32
1.0
1.0
1.0
1.0

8.92
34.25
−3.34
27.75
50.00
50.00
−0.00
38.83

15.6
1.0
18.6
1.0
40.0
0.0
38.0
0.0

.92
.89
.85
.74
.73
.73
.92
.92

−1,567
−1,427
−4,368
−3,754
−262
−266
−314
−318

Rel. LL of D
model
> 105
> 105
0.16
0.14

Note: Number of degrees of freedom of discontinuous model = number of degrees of
freedom of continuous model + 2. The parameters α and δ represent steepness and
center of the sigmoid function. The parameter tc is the age boundary (critical age).
AIC = Akaike information criterion; rel. LL of D model = relative likelihood.

parameter, as we do not compare groups in this analysis. The other model parameters are given in Table 3.
Table 3 shows that, for the data from the immersion and nonimmersion
learner groups, a discontinuous model performs better than a continuous
model, because for each group the AIC is lower and the relative likelihood
is well above 1. The discontinuous model is superior for the nonimmersion
learners with an age boundary of 18.6 years and for the immersion learners
with an age boundary of 15.6. The latter age boundary shows a difference of
Language Learning 0:0, xxxx 2021, pp. 1–26
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almost 2 years from the outcome reported by HTP (17.4 years). There is no
straightforward statistical way to test this age difference. They belong to partly
overlapping learner groups (immersion learners vs. all groups combined).
The continuous models of the monolinguals and bilinguals perform better than the discontinuous models, because for each group the AIC is lower
and the relative likelihood is below 1. Moreover, the discontinuous models
have very high age boundaries (40.0 years for monolinguals and 38.0 years for
bilinguals). The outcome of 40 as a critical age for the monolinguals has to
be ascribed to the age limit constraint of 40 years of experience implemented
in the models (HTP, Supplementary Information, p. 3). Monolinguals have a
higher learning rate than bilinguals, which, according to HTP (p. 268), reflects
the fact that bilinguals “may receive less English input than monolinguals.”
As visualizations of the outcomes, we present the learning rate curves of
the discontinuous models of the immersion learners and the nonimmersion
learners, the two groups with the larger number of data points, in Figure 2.
We also present the raw accuracy figures (performance on the grammaticality
judgment test) and the accuracy curves predicted by the model.
The distinction between the two rate patterns is considerable in Figure 2,
and the same applies to the ultimate attainment of both language learner groups
(expressed as judgment accuracy in Figure 2). The ultimate attainment scores
of the immersion group are much higher, and their learning rate pattern is much
steeper. Importantly, the rate drop in both models at the age boundary is much
less steep than in the overall model (less than .05 here in Figure 2, left panel,
and about .10 in the overall model, see Figure 1, left panel). The age boundary
is visible in the raw data of the nonimmersion learners in the break of the steep
slopes of the orange and some green curves followed by flattened patterns, but
such a break is not clearly observable in the raw data of the immersion learners.
Is the critical age of the immersion learners a hard and stable boundary?
Figure 2 shows a sharp distinction between early (AoE: 1−9 years) and later
(AoE: 10−30 years) immersion learners. Additional data show that more than
60% of immersion learners who started acquiring English before their teens
(AoE: 1−9 years) reported using English as their sole medium of communication, whereas these proportions decline for learners who started learning
English at later ages (less than 40% for those who started learning English after
AoE: 20 years). When the critical age is a robust boundary, it should recur after
splitting the immersion group of learners into these two subcategories. Thus,
we repeated our analyses for an early (AoE: 1−9 years; n = 11,594) and a later
(AoE: 10−30 years; n = 2,505) group of immersion learners. The results are
summarized in Table 4.
13
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Figure 2 Accuracy curves, raw (top) and predicted (middle), and learning rates
(bottom) of the best-fitting discontinuous exponential learning with sigmoidal decay
(ELSD) model for the immersion learners (left) and the best-fitting discontinuous ELSD
model for the nonimmersion learners (right). [Color figure can be viewed at wileyonlinelibrary.com]
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Table 4 Outcomes of the best-fitting discontinuous exponential learning with sigmoidal
decay (ELSD) model and the best-fitting continuous ELSD model for early and later
immersion learners

Group

Model

r

α

δ

tc

R2 AIC

Early immersion learners Discontinuous .15 .93 −38.98 27.1 .65 −712
(AoE: 1−9)
Continuous .15 1.00 26.10 1.0 .65 −715
Later immersion learners Discontinuous .12 .08 10.44 19.0 .92 −881
(AoE: 10−30)
Continuous .09 .17 36.16 1.0 .90 −832

Rel. LL
of D
model
0.15
> 105

Note: Number of degrees of freedom of discontinuous model = number of degrees of
freedom of continuous model + 2. The parameters α and δ represent steepness and
center of the sigmoid function. The parameter tc is the age boundary (critical age).
AIC = Akaike information criterion; rel. LL of D model = relative likelihood; AoE =
age of first exposure. For the early immersion learners, the parameters α and δ of the
discontinuous model are unstable. The remaining parameters are stable.

Table 4 suggests a redefinition of the immersion group. The early learners
match the bilingual learners, having the same rate of learning, whereas the
later learners fit the nonimmersion group, with a higher learning rate but with
about the same age boundary (19.0 years of age instead of 18.6). We analyzed
all age bins (2, 5, 8, … 29) separately, and the results confirm that the turning
point between a continuous and discontinuous model is indeed between 7−9
and 10−12 years old. The immersion group appears to be heterogeneous with
respect to the age boundary, and thus we need to make a distinction between
early and later immersion learners. The best model for the early immersion
learners is continuous, whereas the best model for the later immersion learners
is discontinuous. The two models are visualized in Figure 3.
The early immersion learners now share their continuous model with
the monolingual and bilingual learners. The later immersion learners share
their discontinuous model with the nonimmersion learners, with a similar age
boundary of 19.0 years (18.6 years for the nonimmersion learners), which is
substantially different from the age boundary of 15.6 years in the overall model
of the immersion learners.
Discussion
HTP identified a sharply defined boundary age in grammatical learning and a
steady decline thereafter, for all groups of language learners: an astonishing
outcome. This outcome is seen as evidence for a critical period for language
15
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Figure 3 Curves of the learning rate of the best-fitting continuous exponential learning with sigmoidal decay (ELSD) model for the early immersion learners (age of first
exposure: 1−9; left) and of the best-fitting discontinuous ELSD model for the later
immersion learners (age of first exposure: 10−30; right).

learning in general. They stated that discussions to date concerning mother
tongue acquisition, early and late L2 acquisition, monolinguals and bilinguals,
learning in school, immersion learning, and the many proficiency differences
between the learners involved had been misguided in focusing on age of onset and on ultimate attainment instead of on rate of language learning. HTP
convincingly argued that rate of learning was a missing link. Mathematical
learning or growth models are defined not only by their end state but also by
their rate. An important issue is how to interpret rate. Technically, it is plainly a
parameter that may be constant or variable. From a language learning point of
view, one could argue, as HTP in fact did, that it should be reconceptualized as
learning capacity that is of course sensitive to language input or learning experience, incorporated in the discount parameter E of HTP. This discount factor,
however, is not sufficiently powerful to trace different learning rate models
among the four language learner groups (see, for example, the overview studies of Abrahamsson et al., 2018, and Mayberry & Kluender, 2018, which stress
the fundamental differences between language learner groups). HTP’s reported
outcome—a general age boundary drop at 17.4 (18.0 in our analysis), independent of the kind of language learning, with a sudden rate drop that halves the
rate of learning—is implausible.
Despite HTP’s interpretation of this age boundary being applicable to all
groups, including monolinguals and bilinguals, in fact no theories posit a
sharply delimited critical period for normally developing monolinguals and
bilinguals. Theories of L1 acquisition emphasize that L1 learning is a very
fast process, but the HTP data cannot give direct answers on early acquisition.
Most of the participants doing the written grammaticality judgment test were
10 years of age or older, with the youngest participant aged 7. On the basis
of our separate analyses of the four groups, we conclude that a continuous
Language Learning 0:0, xxxx 2021, pp. 1–26
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model can better explain the outcomes for the monolinguals and bilinguals.
As we noted in the Introduction, the grammaticality judgment test employed
in the HTP paper is a kind of metalinguistic awareness test: the participants
are asked to reflect about language and their own language use (Loewen, 2009;
Vafaee et al., 2017). Obviously, we need data sets on various types of language
proficiency skills in order to test in great precision and with sufficient power
the course of language learning rates across all ages and its relationship to
ultimate attainment.
Nevertheless, we found relevant and sometimes even remarkable results.
The nonimmersion learners are incontestably better modeled by a discontinuity at 18.6 years of age, again beyond the younger critical periods signaled
earlier. This discontinuity (a drop of .05) is much smaller and therefore easier to explain than the discontinuity found by HTP (a drop of .10). We want
to suggest a societal rather than a biological explanation, a possibility also
suggested, though not foregrounded, by HTP (p. 275: critical period as “an
epiphenomenon of culture”). This critical age marks the end of secondary
schooling in most countries, at least developed countries, from where most
of the data came. In many countries, English is the only or the most important L2 in primary and secondary education. Learning English later in life, in
a non-English environment, does not offer the instructional settings of regular
schooling, thereby decreasing the opportunities for learning English at a higher
level (at least, for the aspects of English knowledge that may have been elicited
by the judgment test used). The most obvious interpretation of the outcomes
for nonimmersion learners is that 18.6 marks a schooling effect (see Flege,
2019, for similar arguments).
We found a discontinuous model for the immersion learners as well. Our
discontinuous model returns a critical age of 15 years, which is higher than
the critical periods (6−7 and 12−13 years of age at onset of acquisition) mentioned by Abrahamsson et al. (2018). The number of data points for immersion
learners is much lower than that for the nonimmersion learners. Age of onset
groups were put together in bins of 3 years, with the curve labeled “2” representing the range of 1 to 3 years of age at first exposure, and so on (HTP
did the same). Because of the age patterns in the immersion learners, we split
these learners into an early group (AoE: 1−9 years) and a later group (AoE:
10−30 years). The early group matches the monolinguals and bilingual learners, being best described by a continuous model.
The later group of immersion learners fits the noncontinuous pattern
of the nonimmersion learners, with a comparable age boundary (19.0 vs.
18.6). The age boundary of 15.6 years of age found for the whole group of
17
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immersion learners is an artifact of combining two different types of learners:
early versus late immersion. This raises the question of how powerful ELSD
models are in testing and discriminating among different models. We would
like to suggest that including the data of individual learners (rather than
aggregated data) in a mixed regression analysis would be more helpful in
testing discontinuities; and yet, on the other hand, we expect that this type of
analysis would not be powerful enough to uncover the parameters of learning
rates and their differences.
The age boundary of the later immersion learners is later than that predicted by existing theories relating to critical ages for L2 acquisition (6−7
and 12−13 years of age; Abrahamsson et al., 2018). For these later immersion
learners (just as for the nonimmersion learners), we suggest a societal rather
than a biological explanation. This age boundary marks a change in societal
and/or educational status, involving different sorts of communicative contexts,
with a much higher learning rate for later immersion learners than for nonimmersion learners because of the greater amount of input.
Vanhove (2013, p. 1) concluded that age patterns in L2 acquisition are not
governed by a critical period, given the principle of parsimony and the lack of
convincing evidence. HTP drew the opposite conclusion, given the evidence
from their impressive database. After analyzing the same database in more detail, we draw the same conclusion as Vanhove (2013), at least to the extent
that is possible by drawing on the HTP data set. Our conclusion is that a continuous rate model is the learning model underlying grammaticality judgment
accuracy in general. The decay model in question might resemble the decay
age model of procedural memory potential presented by Abrahamsson et al.
(2018), figure 5.1, a sigmoidal exponential decay model) to deal with changing age effects in language learning. In a continuous model, language learning
potential or capacity decreases continuously over a long time period, without
any age boundary or sharp drop at a specific age. The model might resemble the development of other cognitive capacities, such as the gradual decline
over age of the procedural memory potential. Differences between learners in
ultimate attainment are the outcome of many factors, including age of onset
and amount and quality of input, but also changes in learners’ personal environment and in the social context in which they live, learn, and work. One
could think, for example, of different upbringing, schooling, or work experiences. Such personal and societal factors may bring about discontinuities in the
process of learning and in learning rate. However typical human language is,
these learner data on grammatical judgment accuracy certainly do not support
a discontinuous model in the biological course of language learning.6
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We strongly advocate the use of the terminology continuous and discontinuous models in L2 studies. Such a framework gives us the capacity to discuss
a wide range of growth and decay models in detail, including models with a
steep decay curve (see Figure 3 for the early immersion learners).
Limitations and Future Directions
HTP used a grammaticality judgment test to measure proficiency. We have
already mentioned in the Introduction concerns about the methodological and
validity issues of these tests (Plonsky et al., 2019). These concerns remain
relevant, but we believed that the best way to reassess HTP’s conclusions was
to appropriately reanalyze the enormous database used by HTP.
In analyzing the data, we realized that DEoptim provides more options than
the ones exploited by HTP; however, the authors deserve praise for applying a
growth model to language learning in combination with a powerful optimization algorithm (namely, differential evolution). This shows the benefits of using
new insights and tools from other disciplines. The intricacy of the many internal and external factors in language learning should lead L2 researchers to turn
more to mathematical and statistical techniques in order to analyze dynamic,
nonlinear systems. Dörnyei, MacIntyre, and Henry (2014) have observed the
emergence of a dynamic turn in L2 research. We believe that the estimation of
changing rates in continuous and discontinuous models demonstrates how to
address dynamic, nonlinear issues.
It is necessary to continue analyzing large data sets to address fundamental
issues in L2 research. The lack of power given the small sizes of databases
gathered by means of experimental research was a central topic for Vanhove
(2013) in discussing research on the critical period. He applied regression techniques, directly based on the data of individual learners. Such techniques offer
the possibility of including individual learner characteristics in analyses. We
have also previously applied mixed-effects regression analysis to individual
learner data, including social learner characteristics and their L1s and L2s in
learning Dutch as an additional language (Schepens, van der Slik, & van Hout,
2016; Schepens, van Hout, & Jaeger, 2020; van der Slik, 2010; van der Slik,
van Hout, & Schepens, 2015, 2019). In contrast, HTP aggregated data in age
bins and analyzed individual learner characteristics in other ways (regression,
permutation tests). To be sure that HTP’s claim about one clearly defined age
boundary at which a sharper rate of decline begins, is credible, a future study
should test the decay model on the individual level. HTP argued that analyzing
on the level of individual learners would not change their conclusion, without
actually testing this conclusion in an overall model. We prefer to conclude that
19
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we should proceed by developing and applying additional analysis techniques
to explore the full richness of such large data sets.
Analyzing big data is, of course, not a panacea for validity problems.
First, Internet-based gathering of data typically lacks the control mechanisms
that laboratory or classroom experiments usually have. Internet test takers are
self-selected, meaning that interested language learners are overrepresented
(Flege, 2019). As a consequence, the results may not reflect the L2 acquisition
process of the average English language learner. Second, Internet test takers
do not answer, or do not properly answer, all questions, particularly not in a
free task. More than 100,000 language learners in the HTP database could not
be classified as belonging to one of the four groups because key information
was missing. One might speculate that these uncategorized learners were less
motivated or less proficient learners than the categorized ones.
Next, the grammaticality judgment test used by HTP can be classified as
an untimed test (Godfroid et al., 2015), because there is no limit on the time
the test taker is granted to do the test. This may affect the results of the test
in different ways depending on which group the language learner belongs to
(see Godfroid et al., 2015). HTP collected detailed information on when test
takers started to take the test. They also might have information on when the
test takers finished the test, though this is not mentioned on the OSF site with
the data. If the data are available, it would be worthwhile to check whether test
duration has an effect on the results.
A final comment is on HTP’s decision to make use of aggregated data at
the age level instead of using individual data. (This issue is different to that of
aggregating the data of the four learner groups in one analysis.) The authors
argued that aggregation on age was necessary because otherwise the outcomes
would be affected by the huge number of monolinguals. This might be true, but
aggregating the data meant that the outcomes of the nonimmersion learners unduly influenced the outcomes, as we have demonstrated here. This is not to say
that we reject aggregation categorically as a fruitful way of analyzing data.
One positive consequence of aggregating might be that the outcomes are less
affected by sample-specific distributions of the data. Another positive consequence of aggregating is that the estimation process is far less time-consuming.
However, bearing Simpson’s paradox in mind, researchers should avoid aggregating groups that are qualitatively different. In the present article we have tried
to follow this principle.
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Conclusion
Hartshorne et al. (2018) identified a sharply defined boundary age (or critical period) in grammatical learning after aggregating data from four different learner groups: monolinguals, bilinguals, immersion learners, and nonimmersion learners. Their resulting learning model was discontinuous, reflecting a critical age period in language learning across all learner types. This
discontinuity supposedly marks a sudden drop in rate of learning, a concept
that they successfully implemented in their learning model.
We have showed here that including four learner groups in the same analysis returns artificial results. We analyzed the four groups separately, providing
evidence that a continuous model better fits the learning patterns of monolinguals, bilinguals, and learners who became immersed at a young age (under
10 years old). Discontinuities remained in the analysis of the data from learners
who became immersed when they were older and the nonimmersion learners.
We suggest that personal and societal factors, including differences in living
circumstances and socialization, may bring about age-specific discontinuity
patterns in language learning and in language learning rates. A key implication of our analyses and arguments is that these discontinuity patterns are not
the outcome of cognition-driven developmental factors leading to one or more
critical periods.7
Final revised version accepted 8 June 2021
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Notes
1 Google Scholar (July 15, 2021). Search term: (“critical period hypothesis” or
“sensitive period hypothesis”) and (“second language”).
2 Their main argument for doing so seems to be to reduce the impact of the
monolinguals who are overwhelmingly present in the test results. Their decision to
aggregate all groups of learners is questionable; we address this issue in the
Limitations and Future Directions section.
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3 Further on, we are going to make a distinction between early (age of first experience
below 10 years of age) and later immersion learners (age of first experience
10 years or older).
4 The relative likelihood is defined as exp([AICC − AICD ]/2), where AICC stands for
the AIC of the continuous ELSD model, representing the null hypothesis, and AICD
stands for the AIC of the discontinuous ELSD model, representing the research
hypothesis. A value higher than 1 indicates a higher likelihood of the discontinuous
model (D); a value lower than 1 indicates a higher likelihood of the continuous
model (C; see Burnham & Anderson, 2002). The formula is as follows: AIC = n ×
log(residual sum of squares/n) + 2 × k.
5 The discontinuous model needs to fit three components, the continuous model only
one (cf. Figure 1). That explains the difference of two degrees of freedom.
6 There are numerous studies that advocate nonbiological explanations for
differences in ultimate attainment (see, for example, Bongaerts, van Summeren,
Planken, & Schils, 1997).
7 After the acceptance of our article by Language Learning, Chen and Hartshorne
(2021) published their analysis of an expanded data set. As suggested by Frank
(2018) they applied an item response theory (IRT) analysis of the HTP
grammaticality judgment data (instead of the classical reliability analysis), they
calculated interval estimations of rate changes, and they applied a segmented
discontinuous ELSD model instead of HTP’s discontinuous model. These additions
do not substantially change the result: a critical age of 18.4 years for all language
learners. More importantly, again they did not test this critical age for the learner
groups separately, and, again, they did not test if the application of their segmented
model has resulted in a significant improvement in model fit as compared to the
continuous model or even the original HTP discontinuous model. It is therefore
difficult to see what the added value is of the Chen and Hartshorne (2021) study.
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Appendix: Accessible Summary (also publicly available at
https://oasis-database.org)
Different Learner Groups Have Different Continuous Rates of Learning
English: There Is No Critical Age Period
What This Research Was About and Why It Is Important
Ever since Lenneberg’s (1967) pivotal study there has been an ongoing debate
on the existence of a critical age in second language learning. Central to this
notion is the presence of a less or more constrained time window that allows
learners to reach nativelike levels of proficiency. Beyond this time window,
reaching nativelike proficiency levels becomes no longer possible. Hartshorne,
Tenenbaum, and Pinker (2018), henceforth HTP, analyzed data of more than
half a million language learners of English who did an English grammaticality judgment test over the Internet. HTP used these test outcomes as language
proficiency scores. They arrived at the conclusion that such a critical age indeed exists and that it is 17.4 years of age and operates independently of the
four learner-type groups that participated in their study (i.e., monolinguals,
bilinguals, immersion learners, and nonimmersion learners). This claim was
refuted by the outcomes of our own reanalysis of the original HTP data. We
applied the same statistical approach, but we systematically separated the four
learner groups. These results suggest that personal and societal factors, including differences in living circumstances and socialization, might bring about
age-related discontinuity patterns in language learning and in language learning rates. Such disruptions are not the outcome of abrupt changes in cognitiondriven developmental factors leading to one or more critical periods.

25

Language Learning 0:0, xxxx 2021, pp. 1–26

van der Slik et al.

Learner Type Affects Decline in L2 Learning Rate

What the Researchers Did
r The original HTP data were reanalyzed, by splitting the data for the four
learner groups and analyzing these groups separately.
r Continuous models (statistical models assuming no critical age) of language
acquisition were tested to compare their performance to the discontinuous
models tested by HTP.
What the Researchers Found
r No critical age was found for monolinguals, bilinguals, and early immersion
learners.
r A critical age of 18.6 years of age was found for nonimmersion learners,
and an age of 19.0 years for later immersion learners. The discontinuities
related to these critical age boundaries can be seen as the result of schooling
effects.
r There is no evidence for any critical age. Relationships between age and
language acquisition are continuous.
Things to Consider
r Aggregating different language learner groups should be done only after
careful inspection of differences between those groups.
r Other proficiency scores, in addition to the outcomes of a grammaticality
judgment test, should be used.
r Various statistical techniques are required to study developmental patterns
in second language acquisition.
Materials, data, open access article: Materials, data, analysis scripts, and the
article are publicly available at https://osf.io/pyb8s/ and https://osf.io/gqm87/;
analysis scripts are available at https://www.iris-database.org/
How to cite this summary: van der Slik, F., Schepens, J., Bongaerts, T., &
van Hout, R. (2021). Different learner groups have different continuous rates
of learning English: There is no critical age period. OASIS Summary of van der
Slik, Schepens, Bongaerts, & van Hout (2022) in Language Learning. https://
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